Northern Michigan University

NMU Commons
All NMU Master's Theses

Student Works

8-2018

CLIMATE DRIVEN RANGE SHIFTS OF NORTH AMERICAN SMALL
MAMMALS: SPECIES’ TRAITS AND PHYLOGENETIC INFLUENCES
Katie Nehiba
knehiba@nmu.edu

Follow this and additional works at: https://commons.nmu.edu/theses
Part of the Ecology and Evolutionary Biology Commons

Recommended Citation
Nehiba, Katie, "CLIMATE DRIVEN RANGE SHIFTS OF NORTH AMERICAN SMALL MAMMALS: SPECIES’
TRAITS AND PHYLOGENETIC INFLUENCES" (2018). All NMU Master's Theses. 557.
https://commons.nmu.edu/theses/557

This Open Access is brought to you for free and open access by the Student Works at NMU Commons. It has been
accepted for inclusion in All NMU Master's Theses by an authorized administrator of NMU Commons. For more
information, please contact kmcdonou@nmu.edu,bsarjean@nmu.edu.

CLIMATE DRIVEN RANGE SHIFTS OF NORTH AMERICAN SMALL
MAMMALS: SPECIES’ TRAITS AND PHYLOGENETIC INFLUENCES

By

Katie R. Nehiba

THESIS

Submitted to
Northern Michigan University
In partial fulfillment of the requirements
For the degree of

MASTER OF SCIENCE

Office of Graduate Education and Research

July 2018

ABSTRACT
By
Katie R. Nehiba
Current anthropogenically-driven climate change is accelerating at an
unprecedented rate. In response, species’ ranges may shift, tracking optimal climatic
conditions. Species-specific differences may produce predictable differences in the extent
of range shifts. I evaluated if patterns of predicted responses to climate change were
strongly related to species’ taxonomic identities and/or ecological characteristics of
species’ niches, elevation and precipitation. I evaluated differences in predicted range
shifts in well-sampled small mammals that are restricted to North America: kangaroo
rats, voles, chipmunks, and ground squirrels. I used species distribution modeling to
develop predictions for the distributions of species under current and future climate
scenarios, and quantified the differences. AIC analysis was used to compare alternative
models. Elevation held the most explanatory power to predict how species may respond
to climate change, while clade identity was not a good predictor. However, a refined
perspective based on phylogenetic relatedness provided some evidence of a relationship
between evolutionary history and the biological factors that underlie species responses to
climate change. I hypothesized that species responses to climate change reflect
underlying ecological characteristics that are evolutionarily conserved. The small
mammal groups showed varying levels of phylogenetic signal within different
parameters. The strongest support was in the parameter representing the southern
boundary, where the most warming is likely to be occurring. This may create a strong
physiological constraint for species to stay within optimal climatic conditions.
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Chapter 1: Species’ traits and climate driven range shifts of North American small
mammals

Introduction
Though climate fluctuates through time as a consequence of natural forces,
current anthropogenically-driven climate change is accelerating at an unprecedented rate
(Leach et al. 2015), which can cause species to respond in different ways. There is
concern that the pace at which current changes are occurring poses new challenges for
many species (Thuiller et al. 2011). Species’ responses to climate change can be very
diverse, including changes in physiology, biological interactions, and geographical
distributions (Pachauri et al. 2014).
It is generally agreed that climatic conditions and changes influence species'
distributions, as they affect species-specific physiological thresholds of temperature and
precipitation tolerance (Walther et al. 2002). Ongoing climate change is causing many
species’ ranges to shift in geographic location to remain within the preferred bioclimatic
envelope (Chen et al. 2011; La Sorte and Jetz 2012; Comte et al. 2014). There is no doubt
that climate plays a major role in limiting terrestrial species’ ranges (Parmesan 2006). A
warming climate is expected to increase climate stress at range boundaries nearest the
equator and reduce it at poleward boundaries. Therefore, expected distributional shifts in
organisms in warming regions are generally predicted to be poleward and upward in
elevation (Walther et al. 2002; Hickling et al. 2006; Parmesan 2006; Chen et al. 2011), to
the extent that dispersal and resource availability allow. Poleward range shifts have been
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documented for individual species on all continents and in most of the major oceans for
all well-studied plant and animal groups (Parmesan 2006).
A shifting range can result from extirpations of populations as local environmental
conditions shift beyond the species’ ability to persist, along with colonization and growth
of local populations into regions that newly came within the species’ environmental
tolerances (Opdam and Wascher 2004). The decline in populations in most species is not
caused by climate directly, but by failure to compete successfully for resources because
of changes in the environment (Opdam and Wascher 2004). The ability of an individual
to avoid or resist natural enemies or compete with other species can be affected by
climate (Thomas 2010). Therefore, climate may affect range boundaries indirectly
through changes in species’ interactions and through climate-driven changes in the
physical structure of habitats (e.g., habitat fragmentation). Habitat fragmentation occurs
in landscape areas where spatial cohesion is blocked, such as a physical boundary like a
river, or another type of boundary like a major difference in climate, which can cause
population levels to dip below the critical level of persistence. Also, climate change can
cause a higher frequency of large-scale disturbances caused by extreme weather events
(Pachauri et al. 2014). This can cause increasing gaps and an overall contraction of
species distributions, particularly in areas with relatively low levels of spatial cohesion
(Opdam and Wascher 2004). Climate change also has potential to change the size of
species’ ranges. Some species have already been locally extirpated at their lower range
boundaries, and have either failed to expand poleward or are unable to expand due to
geographic barriers. These species have suffered reductions in range size, which puts
them at greater risk of extinction in the near future. Conversely, if climate change creates
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opportunities for species to track climate into new suitable habitats, species’ range size
has the potential to expand. Climatic tolerances vary among and within species, causing
some species to be more vulnerable to climate change than others (Thuiller et al. 2005).
Therefore, rates of range shifts vary greatly among and within species (Walther et al.
2002). Different processes are likely to cause high diversity of range shifts among
species: time delays in species’ responses, individualistic physiological constraints, and
alternative and interacting drivers of change. Species may lag behind climate change if
they are habitat specialists or immobile species that cannot disperse across fragmented
and/or changing landscapes to colonize new areas. Species may also show individualistic
physiological responses to different aspects of the climate, such as different sensitivities
to maximum and minimum temperatures at critical times of their life cycles (Chen et al.
2011). There is little consensus regarding the extent to which different organisms will be
able to establish populations in newly suitable habitat, particularly given the rapid rate of
climate change (Loarie et al. 2009). In theory, species’ capacities to track climate change
through range shifts should depend on their abilities to colonize new areas and establish
viable populations after arrival (Angert et al. 2011).
Which traits of species drive range shifts? Species-specific differences may
produce predictable differences in the extent of range shifts in response to climate
change, but it is unclear which differences those may be (Clark 1998; Angert et al. 2011).
Some studies have aimed to answer these questions by binning species into different
ecological characteristics groups, such as specialist versus generalist (Thuiller et al.
2005), marginal versus non-marginal (Thuiller et al. 2005), montane versus flatland
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(Guralnick 2007), migratory status, diet breadth, and tendency to be associated with
open-water (Angert et al. 2011).
Here, I evaluated if there is a relationship between predicted responses of species
to climate change and either taxonomic identity (i.e., clade) or different ecological
characteristics that describe species (elevation and precipitation). I expected that small
mammal species are sensitive to changing climate and projections of species ranges onto
future climate scenarios would yield predictions of smaller ranges, increased habitat
fragmentation, and northern movement. I evaluated if patterns of predicted responses to
climate change are strongly related to 1) species’ taxonomic identities (i.e., membership
in different major mammal clades), 2) elevation, an ecological characteristic of species’
niches, and/or 3) precipitation, an ecological characteristic of species’ niches.

Methods
Study taxa
The taxa in this study included North American small mammals within the genus
Dipodomys (kangaroo rats, 21 species), genus Neotamias (chipmunks, 21 species), genus
Microtus (meadow voles, 17 species), and tribe Marmotini (ground squirrels, 30 species)
(Table 1.1). These small mammals are diverse, abundant, and well-sampled across their
geographic ranges. Biologists have documented records with georeferenced specimens
archived in museum collections. These species have diverse life histories, and represent
many different habitats across the North American landscape. Many of these species
occupy low trophic levels, allowing them to be indicators of ecological stability
(Carignan and Villard 2002). My focus on these taxa also allowed me to restrict my
sampling to taxonomic groups that are currently distributed throughout, and have
4

diversified within North America, thereby avoiding clades that include species that have
evolved under a range of geographic contexts (e.g., both North America and Asia).
Kangaroo rats live primarily in the Western United States and Mexico in hot, arid,
desert-associated landscapes. Kangaroo rats live in well-drained areas, particularly on
sandy or soft soils that are suitable for burrowing (Julian and Timm 1985). Burrows are
important in providing protection from the harsh desert environment. Kangaroo rats
excavate tunnel systems with sleeping, living, and food storage chambers. These species
do not hibernate, though they are quite sensitive to extremes in temperature, and during
inclement weather may remain underground for several days. They are nocturnal, and
often plug the entrances of burrows during the day to maintain cooler temperatures and
more constant humidity (Julian and Timm 1985).
Chipmunks are distributed throughout North America, typically in montane
environments at high elevations. They sleep in burrows, forage for food on the ground
and in trees, and rely on food stores in their expansively constructed burrows. They carry
out torpor in winter, waking up occasionally to eat, defecate, and urinate (Wilson et al.
1999).
Meadow voles are found throughout the United States and Canada, most
commonly in mesic meadows and grasslands, but also in wooded areas (Reich 1981).
They are most commonly associated with areas of dense vegetation and moist conditions,
particularly high soil moisture (Pendleton 1984). They do no not hibernate, and actively
forage all year. Snow cover is important for both thermal insulation and protective
concealment. They construct burrows, which they use to store food and to birth young.
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Marmotini is a tribe of ground squirrels that have extensive burrow systems. They
inhabit different habitat types of varying elevations, though typically in grassy, open,
well-drained areas, including rocky outcrops, fields, pastures, and hillsides (Nowak
1999). Ground squirrels live in a variety of natural habitats but usually avoid thick
chaparral, dense woods, and wet areas. Most species hibernate during the winter months,
allowing their body temperature to drop to just above freezing. In some species, adults go
into a period of inactivity called estivation that can last a few days to over a week during
the hottest times of the year.
Ecological Niche Modeling
I used ecological niche modeling to quantify predicted species responses to
climate change. Ecological niche models (ENMs; also known as species distribution
models) allow predictions of how climatic factors may limit the distribution of species,
and if species are predicted to shift in response to changing climate conditions (Wiens
and Graham 2005). Ecological niche models have been widely used to predict changes in
species’ bioclimatic envelopes under future climate scenarios, and can be used to set the
stage for ecological, physiological, and phylogenetic studies (Leach et al. 2015). Niche
models incorporate three elements: georeferenced locality records for the species being
studied, data on climatic variables (including temperature and precipitation) across the
geographic area of interest, and an algorithm that is capable of estimating the climatic
niche envelope of the species based on the values of climatic variables at species
occurrence localities. Ecological niche models were produced for each of the species
within the four clades. A model was created from the current climate layers and
documented locality records, which allowed visualization of the species current range.
6

Future predictions were projected using climate scenarios predicted under future climate
conditions.
Environmental variable layers for current and future climate scenarios were
obtained from Worldclim (Hijmans et al. 2005), a global climate database. The 19
bioclimatic variables represent annual trends, seasonality, and extreme or limiting
environmental factors in the form of precipitation and temperature measurements, for
each unit of area. They included: BIO1 = Annual Mean Temperature, BIO2 = Mean
Diurnal Range (Mean of monthly (max temp - min temp), BIO3 = Isothermality
(BIO2/BIO7) (* 100), BIO4 = Temperature Seasonality (standard deviation *100), BIO5
= Max Temperature of Warmest Month, BIO6 = Min Temperature of Coldest Month,
BIO7 = Temperature Annual Range (BIO5-BIO6), BIO8 = Mean Temperature of Wettest
Quarter, BIO9 = Mean Temperature of Driest Quarter, BIO10 = Mean Temperature of
Warmest Quarter, BIO11 = Mean Temperature of Coldest Quarter, BIO12 = Annual
Precipitation, BIO13 = Precipitation of Wettest Month, BIO14 = Precipitation of Driest
Month, BIO15 = Precipitation Seasonality (Coefficient of Variation), BIO16 =
Precipitation of Wettest Quarter, BIO17 = Precipitation of Driest Quarter, BIO18 =
Precipitation of Warmest Quarter, and BIO19 = Precipitation of Coldest Quarter.
Worldclim version 1.4 was used, which is based on weather conditions recorded between
1950 and 2000 with a 5’ grid cell resolution (Hijmans et al. 2005; Rödder and Lötters
2009). Current bioclimatic variable layers were obtained in the generic grid format at a
spatial resolution of 2.5 minutes. Simulated bioclimatic data layers for future conditions
were based on the representative concentration (RCP) 8.5, which is based on the
expectation that global carbon emissions continually increase throughout the 21st
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century, with a global warming of 3.0 to 12.6 degrees Celsius by year 2300 (Field et al.
2014; Pachauri et al. 2014). These layers were generated under the fifth phase of the
Coupled Model Intercomparison Project (CMIP5) (Friedlingstein et al. 2008) based on
the fourth Community Climate System Model (CCSM4) general circulation model
(GCM). The CCSM4 model has active atmosphere, land, ocean, and sea ice components
that are linked through a coupler that exchanges state information and fluxes between
components (Gent et al. 2011; Rosenbloom et al. 2013). Bioclimatic layers were masked
separately for each clade: Dipodomys (latitude 11- 52o, longitude -128 - -84o), Neotamias
(latitude 10 - 70o, longitude -167 - -66 o), Microtus (latitude 12 – 72 o, longitude -173.5 - 52 o), and Marmotini (latitude 10 – 80 o , longitude -176 - -56 o). I selected each mask to
be large enough to include the full extent of predicted species distributions under both
current and future climate scenarios.
I obtained locality records for each species from VertNet, a biodiversity database
that serves specimen data from 377 museum collections (Constable et al. 2010). These
included the latitude and longitude of each specimen documented. DIVA-GIS was used
to check for discrepancies between the IUCN Red List distribution and the species
records of current distributions. Discrepancies may have indicated the name of the
species has changed over time, and the previous name is still used in museum records,
depicting inaccurate presence records (Rödder and Lötters 2009). Some locality records
were deleted within Dipodomys agilis, as Dipodomys simulans previously was regarded
as conspecific with D. agilis, which extended the range into Baja California, though
Dipodomys simulans is now accepted as a distinct species.
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ENMs were created using the computer software MaxEnt version 3.4.0 (Elith et
al. 2011), which created a mathematical model of the optimal environmental conditions
in which the species occur presently, and then projected that model onto bioclimatic data
simulated under future conditions to create an estimate of where each species range will
likely occur. The “maximum training sensitivity plus specificity” threshold was used to
calculate presence/absence, basing the optimal threshold on the prevalence of each
species (Liu et al. 2005; Pearson et al. 2007; Warren and Seifert 2011). This approach
allowed me to transform a grid that showed probabilities of occurrence in each cell into a
binary grid that showed either inferred presence or absence at each cell. The receiver
operating characteristic (ROC) curve was used to calculate the maximization of the sum
of sensitivity and specificity (Manel et al. 2001). This threshold approach is one of the
most accurate when datasets with a prevalence of at least 50% are used to build models
(Liu et al. 2005). To train the ENM, 75% of the occurrence records were used, and 25%
of the data were retained at random for testing model performance. Training data were
used to optimize the “fit” of the model (i.e. how well did the model explain the data used
to fit the model-training data?). Test data were used to evaluate predictions of MaxEnt
(i.e., how well did MaxEnt predict independent data?), by ensuring the remaining 25% of
the locality records were within the model’s distribution. I used MaxEnt to test the ENM
by calculating the area under the receiver operating characteristic curve for the training
and test data, as well as random prediction (Fielding and Bell 1997). If the ENM has
good predictive power, the test AUC should approach 1. If the predictive power is poor,
and the ENM performs worse than a random prediction model, the test AUC will be
below 0.5. With the test data, MaxEnt calculated binomial probabilities for several
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common thresholds to test the null hypothesis that the ENM predicts occurrence for test
data no better than a random prediction model.
To avoid either overfitting or underfitting of the ENM, which contributes to
inaccurate species distribution predictions, it was necessary to create a model that
balanced simplicity and complexity. Overfitting occurs when a model fits the calibration
data too closely, and fails to predict independent test data accurately. Underfitting fails to
include sufficient complexity and does not provide adequate discrimination between
layers (Radosavljevic and Anderson 2014). A common approach is to use all 19 Bioclim
variables in constructing ENMs (Hijmans et al. 2005), though strong correlations can
exist between these variables, which can lead to overfitting. Using a subset of these
variables can reduce the risk of overfitting (Warren et al. 2014). Alternatively, MaxEnt
includes a regularization procedure that balances model fit and complexity (Phillips et al.
2006). This procedure limits model complexity by regularization, which gives a penalty
for each term included in the model and for higher weights given to a term. This term is
in the form of a β regularization parameter specific to each feature class (Radosavljevic
and Anderson 2014). I used a regularization multiplier of 3 (default is 1) to avoid
overfitting, as recommended by Radosavlejevic and Anderson (2014).
I used MaxEnt over other species distribution modeling methods because it is a
robust algorithm for spatial resolution, incidental species presence data, and the number
of environmental variables (Elith et al. 2011), which works well with the type of data I
had available. Maxent provides embedded response graphs for both categorical and
continuous variables, which helps make ecological sense of the model output (Warren
and Seifert 2011; Radosavljevic and Anderson 2014).
10

Some species were excluded from the analysis 1) if there were fewer than 10
locality records, or 2) species currently residing on only islands were predicted to shift
only to different islands in future climate conditions (Microtus abbreviatus), which would
not be possible without human intervention, or 3) future predictions were only on islands
(no mainland predictions) that the species currently does not occupy (Neotamias alpinus),
which would also not be possible without human intervention. If presence locations
predicted under future climate conditions were on islands, mainly Hawaii, in which
species are not currently found, those predicted polygons were excluded from analysis, as
species would not naturally be able to colonize those locations.
Spatial Analysis
I determined if there was a difference in the current range and predicted future
range of each species using ArcGIS (Wong and Lee 2005). To quantify the difference in
species ranges that were predicted between current and future environmental conditions, I
calculated 4 parameters: 1) an index of area change (the predicted future total area
divided by current total area), 2) an index of patch structure (the predicted future number
of patches divided by current number of patches), 3) the change in minimum latitude
(southernmost border of range; current latitude subtracted from future predicted latitude),
and 4) the change in maximum latitude (northernmost border of range; current latitude
subtracted from future predicted latitude). I calculated the first two parameters as indices,
rather than absolute change, to avoid biases of species current distribution size, as species
have substantial differences in current distribution size. These parameters were calculated
using ArcGIS (Wong and Lee 2005) (Supplementary Figure 1.1). The WGS 1984 World
Mercator projection, North America Albers Equal Area Conic projection, and Imagery
11

basemap in ArcMap were used. Calculations were carried out in the Field Calculator tool
in ArcMap, as well as Microsoft Excel 2016.
To obtain elevational data for each species, the SRTM30 North American digital
elevation model (DEM) (Nikolakopoulos et al. 2006) was added as a layer to DIVA-GIS.
SRTM30 is a DEM made up of a combination of data from the Shuttle Radar
Topography Mission (SMRT), and the U.S. Geological Survey's GTOPO30 data set, set
at a 30 arc second resolution. Species locality records were also added as a shapefile to
DIVA-GIS. The “Extract Values by Points” tool was used to extract the elevation data
associated with each locality record point, and the mean elevation was calculated for each
species. I repeated the same process with the Worldclim bioclimatic layer 12 (annual
precipitation) to estimate average annual precipitation across each species’ range.
Data Analysis
The proportion of species that showed predicted increases or decreases of their
ranges in the different species response parameters (index of area change, index of patch
structure, change in minimum latitude, and change in maximum latitude) were calculated
to produce an overall view of species responses to future conditions. These proportions
were calculated for the full dataset, as well as for each clade separately.
Linear models were used to test for associations between species traits (predictor
variables) and predicted range shifts (response variable). Akaike’s Information Criterion
(Akaike 1998) was used to evaluate alternative models representing different
combinations of predictor variables, thereby determining the best model for each
response variable. The best model was evaluated by comparing AIC weights and delta
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AIC values, while also examining estimated R2 values and p-values of each of the
parameters included. Multiple regressions were run to evaluate relationships between
species response parameters and species’ traits included in the best models. Species’
traits are defined here as three predictor variables: clade, elevation, and precipitation.
This was completed in the R programming language (R Core Team 2017) version 3.5.0
using RStudio (Racine 2012), within the MuMIn (Bartoń 2018) and visreg (Breheny and
Burchett 2018) packages. Relationships were visualized by creating using scatter plots
and box and whisker plots in Excel.
Data were tested to ensure they met the assumptions for multiple regression. This
was completed by evaluating the residual-fit plots (balanced random scatter of residuals
versus fitted values above and below the trend line ensures a good linear fit), scalelocation plots (an even scatter width ensures homogeneity of variance), normal QQ plots
(points should closely follow the diagonal to ensure residuals were normally distributed
overall), and leverage-influence plots (outliers outside Cook’s distance should ensure no
individual data points had a disproportionate influence on model selection). Data were
transformed or translated as appropriate to better fit the assumption that there is a linear
relationship between the dependent variable and each of the independent variables. The
values for the index of area change were log transformed, the values for patch structure
did not need any tranformations/translations, the change in minimum latitude values were
translated (added 4) and transformed (log10), and the values for change in maximum
latitude were translated (added 7) and transformed (log10). I deleted one outlier datapoint
from the Microtus clade, in the patch structure index model selection, as it was outside
the 0.5 mark on the leverage-influence plot.
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Table 1.1. Clade identity for each species included in the analysis.
Clade Identity
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Dipodomys
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias
Neotamias

Genus/species
Dipodomys agilis
Dipodomys californicus
Dipodomys compactus
Dipodomys deserti
Dipodomys elator
Dipodomys gravipes
Dipodomys heermanni
Dipodomys ingens
Dipodomys merriami
Dipodomys microps
Dipodomys nelsoni
Dipodomys nitratoides
Dipodomys ordii
Dipodomys panamintinus
Dipodomys phillipsii
Dipodomys simulans
Dipodomys spectabilis
Dipodomys stephensi
Dipodomys venustus
Microdipodops megacephalus
Microdipodops pallidus
Neotamias amoenus
Neotamias canipes
Neotamias cinereicollis
Neotamias dorsalis
Neotamias durangae
Neotamias merriami
Neotamias minimus
Neotamias obscurus
Neotamias ochrogenys
Neotamias palmeri
Neotamias panamintinus
Neotamias quadrimaculatus
Neotamias quadrivittatus
Neotamias ruficaudus
Neotamias rufus
Neotamias senex
Neotamias siskiyou
Neotamias sonomae
Neotamias speciosus
Neotamias townsendii
Neotamias umbrinus
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Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Microtus
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini
Marmotini

Microtus californicus
Microtus canicaudus
Microtus chrotorrhinus
Microtus guatemalensis
Microtus longicaudus
Microtus mexicanus
Microtus miurus
Microtus montanus
Microtus oaxacensis
Microtus ochrogaster
Microtus oregoni
Microtus pennsylvanicus
Microtus pinetorum
Microtus quasiater
Microtus richardsoni
Microtus townsendii
Microtus xanthognathus
Ammospermophilus harrisii
Ammospermophilus interpres
Ammospermophilus leucurus
Callospermophilus lateralis
Callospermophilus saturatus
Cynomys gunnisoni
Cynomys leucurus
Cynomys ludovicianus
Cynomys mexicanus
Cynomys parvidens
Ictidomys mexicanus
Ictidomys tridecemlineatus
Marmota broweri
Marmota caligata
Marmota flaviventris
Marmota monax
Notocitellus annulatus
Otospermophilus beecheyi
Otospermophilus variegatus
Poliocitellus franklinii
Urocitellus armatus
Urocitellus beldingi
Urocitellus columbianus
Urocitellus elegans
Urocitellus parryii
Urocitellus richardsonii
Urocitellus townsendii
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Marmotini
Marmotini
Marmotini

Xerospermophilus mohavensis
Xerospermophilus spilosoma
Xerospermophilus
tereticaudus
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Results
Predicted range shifts
Estimates of change were calculated for four different parameters by comparing
current and predicted future ranges (Table 1.2), for all species. The ranges of 63% of
species were predicted to decrease in area size. The number of species ranges predicted to
experience increased patchiness versus decreased patchiness were approximately equal.
The ranges of 73% of species were predicted to shift northward at the southern boundary.
The ranges of 67% of species were predicted to shift northward at the northern boundary.
The same parameters were calculated to facilitate comparisons to the overall
estimates of change, for each clade (Table 1.2). The majority of species ranges were
predicted to decrease in size in all clades other than Dipodomys, in which the majority
were predicted to increase in size. The majority of species ranges were predicted to
experience increased patchiness in all clades other than Neotamias, in which the majority
were predicted to experience decreased patchiness. The majority of species ranges were
predicted to shift northward at the southern boundary in all clades other than Dipodomys,
in which the majority were predicted to shift southward. The majority of species ranges
were predicted to shift northward at the northern boundary in all clades.
Model selection
Index of Area Change
The best model for estimation of area change included the elevation and
precipitation parameters (Table 1.3). The top three models had near equal AUC weight,
and delta AIC values are all < 2, suggesting there was nearly equivalent support in the
data for those models. These models all included elevation, and combinations of
precipitation and the elevation:precipitation interaction. The clade parameter was not
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included in any of the top models. The assumptions about the data required for valid use
of multiple regressions were met (Figure 1.1). The overall R2 was 0.2927 for the best
model. There was a negative relationship between elevation and the index of area change
(Figure 1.2). There was a weak negative relationship between precipitation and the index
of area change (Figure 1.3).
Index of Patch Structure
The best model for estimation of patch structure included the elevation parameter
(Table 1.4). A second model had a delta AIC of < 2, suggesting there was nearly
equivalent support in the data for this model, including the elevation, precipitation, and
elevation:precipitation interaction parameters. The assumptions about the data required
for valid use of multiple regressions were met (Figure 1.4). The overall R2 was 0.1183 for
the best model. There was a negative relationship between elevation and the index of
patch structure (Figure 1.5).
Change in Minimum Latitude
The best model for estimation of change in minimum latitude included the
elevation parameter (Table 1.5). The second model had a delta AIC of < 2, suggesting
there was nearly equivalent support in the data for this model, including the elevation and
clade parameters. The assumptions about the data required for valid use of multiple
regressions were met (Figure 1.6). The overall R2 was 0.07425 for the best model. There
was a positive relationship between elevation and the change in minimum latitude (Figure
1.7).
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Change in Maximum Latitude
The best model for estimation of change in maximum latitude included the clade,
elevation, and precipitation parameters (Table 1.6). The top 5 models all had a delta AIC
values of < 2, suggesting there was nearly equivalent support in the data for those
models. These models all contained the elevation parameter, along with different
combinations of clade, precipitation, and the clade:elevation interaction. The top three
models contained the clade parameter, while the fourth and fifth ranked models did not.
The assumptions about the data required for valid use of multiple regressions were met
(Figure 1.8). The overall R2 was 0.1899 for the best model. There was a negative
relationship between elevation and the change in maximum latitude (Figure 1.9). There
was a weaker negative relationship between precipitation and the index of area change
(Figure 1.10). There was some evidence of a relationship between clade and the change
in maximum latitude (Figure 1.11), denoted by the two groups potentially separating out
within the four clade groups, though there was overlap between the upper and lower
quartiles across all clades. This suggested some, though slight, evidence of two different
degrees of response within the four clades explored. Neotamias and Marmotini had
similar mean values that were slightly higher than those of Dipodomys and Microtus,
which also showed similar mean response values.
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Table 1.2. Percentage of species overall, and within each clade, of which species
response parameters either increased or decreased, from current to future climate
conditions. Green cells represent how the majority of each species group were predicted
to respond (with either an increase or decrease). An increase in area index means the
range area size was predicted to increase, and vice versa. An increase in patch structure
means the range was predicted to have increased fragmentation, while a decrease means
the range was predicted to have decreased fragmentation. An increase in change in
minimum latitude means the southern boundary of the range was predicted to shift
northward, and a decrease means the southern boundary was predicted to shift southward.
An increase in change in maximum latitude means the northern boundary of the range
was predicted to shift northward, and a decrease means the northern boundary was
predicted to shift southward. The overall proportion of species reported for the change in
minimum latitude was a conservative estimate, as a few species’ range boundaries were
not predicted to change in this parameter. When “no change” occurred, species were
included as southward expanding in this estimate. However, if “no change” values were
included as northward expanding, the values could range from 73-76% expanding
northward, and 23-27% expanding southward at the southern boundary.

Overall
Dipodomys
Neotamias
Microtus
Marmotini

Percentage
of species
predicted
to:
Increase

Area Index

Patch
Structure
Index

Change in
Minimum
Latitude

Change in
Maximum
Latitude

37

51

73

67

Decrease

63

49

27

33

Increase

57

52

43

71

Decrease

43

48

57

29

Increase

10

24

95

62

Decrease

90

76

5

38

Increase

35

59

88

59

Decrease

65

41

12

41

Increase

43

63

70

73

Decrease

57

37

30

27
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Table 1.3: AIC model selection table for index of area change. A “+” under a variable
column means that variable is included in the model. Each model is represented by a row
in the table. Precip = precipitation, DF= degrees of freedom.
Clade Elevation
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

Clade:Ele Clade: Elevation Clade:Eleva
Log
Precip vation
Precip :Precip
tion:Precip R^2
DF likelihood AICc
+
0.2927
4
-15.538 39.5
+
+
0.3098
5
-14.44 39.6
0.2732
3
-16.765 39.8
0.2972
6
-15.256 43.5
+
+
0.3216
8
-13.66 45.1
+
0.301
7
-15.007 45.4
+
+
0.3276 10
-13.262 49.3
+
0.3078
9
-14.569 49.4
+
+
+
0.3459 11
-12.022 49.4
+
+
+
0.3326 11
-12.925 51.2
+
+
0.3108 10
-14.374 51.5
+
+
+
0.3411 13
-12.351 55.5
+
+
+
+
0.3563 14
-11.302 56.2
+
+
+
+
+
0.3843 17
-9.297 61.1
0.1045
5
-26.155
63
+
0.1053
6
-26.117 65.2
+
+
0.1644
9
-23.041 66.3
+
0.00897
3
-30.719 67.7
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Delta
AIC
0
0.05
0.26
3.98
5.55
5.83
9.76
9.84
9.88
11.69
11.99
15.94
16.66
21.55
23.48
25.7
26.79
28.17

AIC
weight
0.319
0.312
0.28
0.044
0.02
0.017
0.002
0.002
0.002
0.001
0.001
0
0
0
0
0
0
0

Figure 1.1: Assumption testing plots (residual-fit plot, scale-location plots, normal QQ
plots, and leverage-influence plots) for the index of area change.
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Figure 1.2. Index of area change (species response parameter) for each species versus
Elevation.
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Figure 1.3. Index of area change (species response parameter) for each species versus
Precipitation.
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Table 1.4: AIC model selection table for index of patch structure. A “+” under a variable
column means that variable is included in the model. Each model is represented by a row
in the table. Precip = precipitation, DF= degrees of freedom.
Clade Elevation
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

+
+
+
+
+
+

Clade:Ele Clade: Elevation: Clade:Eleva
Log
Delta AIC
Precip vation
Precip Precip
tion:Precip R^2
DF likelihood AICc AIC weight
0.1183
3
-69.785 145.9
0 0.499
+
+
0.1442
5
-68.455 147.6 1.78 0.205
+
0.1185
4
-69.774 148 2.17 0.169
0.1436
6
-68.49 150 4.15 0.063
+
+
0.1737
8
-66.898 151.6 5.74 0.028
+
0.1436
7
-68.488 152.4 6.51 0.019
+
0.1605
9
-67.603 155.5 9.63 0.004
0.063
5
-72.492 155.7 9.86 0.004
+
+
+
0.1936 11
-65.809 157 11.2 0.002
+
6E-05
3
-75.384 157.1 11.2 0.002
+
+
0.1687 10
-67.167 157.2 11.3 0.002
+
0.0654
6
-72.378 157.8 11.93 0.001
+
+
0.1607 10
-67.589 158 12.15 0.001
+
+
+
0.1848 11
-66.294 158 12.17 0.001
+
+
0.0997
9
-70.714 161.7 15.85
0
+
+
+
0.192 13
-65.899 162.7 16.8
0
+
+
+
+
0.2067 14
-65.08 163.8 17.98
0
+
+
+
+
+
0.2737 17
-61.154 164.9 19.08
0
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Figure 1.4: Assumption testing plots (residual-fit plot, scale-location plots, normal QQ
plots, and leverage-influence plots) for the index of patch structure.
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Figure 1.5: Index of patch structure (species response parameter) for each species versus
Elevation.
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Table 1.5: AIC model selection table for change in minimum latitude. A “+” under a
variable column means that variable is included in the model. Each model is represented
by a row in the table. Precip = precipitation, DF= degrees of freedom.
Clade Elevation
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+

+
+
+
+
+

Clade:Ele Clade: Elevation Clade:Eleva
Precip vation
Precip :Precip tion:Precip R^2
0.07425
0.1295
+
0.1431
+
0.07445
+
0.1108
0.08642
+
+
0.077
+
+
0.1924
+
+
0.1439
+
+
0.1547
+
+
+
0.1952
+
0.1471
+
8.2E-05
+
+
0.1602
+
+
+
0.164
+
+
+
0.203
+
+
+
+
0.2033
+
+
+
+
+
0.2215
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Log
DF likelihood AICc
3
-5.236 16.8
6
-2.464 17.9
7
-1.756 18.9
4
-5.226 18.9
6
-3.422 19.9
5
-4.64
20
5
-5.102 20.9
10
0.907
21
8
-1.714 21.2
9
-1.143 22.5
11
1.065 23.3
9
-1.547 23.3
3
-8.704 23.7
10
-0.849 24.5
11
-0.645 26.7
13
1.505 27.8
14
1.518 30.6
17
2.561 37.4

Delta AIC
AIC weight
0 0.313
1.19 0.173
2.13 0.108
2.17 0.106
3.1 0.066
3.24 0.062
4.17 0.039
4.22 0.038
4.45 0.034
5.78 0.017
6.5 0.012
6.59 0.012
6.94
0.01
7.73 0.007
9.92 0.002
11 0.001
13.8
0
20.6
0

Figure 1.6: Assumption testing plots (residual-fit plot, scale-location plots, normal QQ
plots, and leverage-influence plots) for the change in minimum latitude.
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Figure 1.7: Change in minimum latitude (species response parameter) for each species
versus Elevation.

30

Table 1.6: AIC model selection tables for change in maximum latitude. A “+” under a
variable column means that variable is included in the model. Each model is represented
by a row in the table. Precip = precipitation, DF= degrees of freedom.
Clade
+
+
+

+
+
+
+
+
+
+
+
+
+
+

Elevation
+
+
+
+
+
+
+
+
+
+
+
+
+

+

Clade:Ele Clade: Elevation Clade:Eleva
Log
Precip vation
Precip :Precip
tion:Precip R^2
DF likelihood
+
0.1899
7
19.975
0.1683
6
18.793
+
0.2296
9
22.238
+
0.1104
4
15.763
0.0851
3
14.499
+
+
0.1918
8
20.082
+
+
0.1227
5
16.388
+
+
0.2328 10
22.423
+
+
0.2267 10
22.066
+
+
+
0.2328 11
22.424
+
+
+
0.2271 11
22.089
+
0.0179
3
11.311
+
+
+
0.2475 13
23.293
0.0393
5
12.302
+
+
+
+
0.2487 14
23.364
+
0.0443
6
12.539
+
+
0.0708
9
13.803
+
+
+
+
+
0.2593 17
24.004
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AICc Delta AIC AIC weight
-24.6
0
0.202
-24.6
0.01
0.201
-24.2
0.36
0.169
-23.1
1.53
0.094
-22.7
1.86
0.079
-22.4
2.2
0.067
-22.1
2.52
0.057
-22.1
2.52
0.057
-21.3
3.24
0.04
-19.5
5.12
0.016
-18.8
5.79
0.011
-16.3
8.24
0.003
-15.8
8.79
0.002
-13.9
10.69
0.001
-13.1
11.45
0.001
-12.1
12.52
0
-7.4
17.23
0
-5.5
19.08
0

Figure 1.8: Assumption testing plots (residual-fit plot, scale-location plots, normal QQ
plots, and leverage-influence plots) for the change in maximum latitude.

.
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Figure 1.9: Change in maximum latitude (species response parameter) for each species
versus Elevation.
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Figure 1.10: Change in maximum latitude (species response parameter) for each species
versus Precipitation.
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Figure 1.11: Box and whisker plot of change in maximum latitude (species response
parameter) for each species versus Clade. Mean markers are shown by an “x”, the top of
each box is the 75th percentile of the sample, the line through each box is the median of
the sample, and the bottom of the box is the 25th percentile of the sample. The whiskers
extend up from the top of the box to the largest data element that is less than or equal to
1.5 times the interquartile range (IQR) and down from the bottom of the box to the
smallest data element that is larger than 1.5 times the IQR. Values outside this range are
considered to be outliers and are represented by dots. Dipo= Dipodomys, GrSqu=
Marmotini, Microtus= Microtus, and Neo= Neotamias.
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Discussion
Species response parameters
Index of area change
Higher area index values indicate increased predicted range size over time, while
lower values indicate decreased predicted range size. The relationship showed that
species in higher elevations were generally predicted to experience decreasing range area
sizes. Species that occupy higher average elevation may be restricted to mountains and
therefore more likely to respond to climate change with upward shifts as they track
optimal climate conditions. The area size of their range would decrease, since there is less
area to move to at higher montane elevations.
Index of patch structure
Higher index of patch structure values show increased habitat fragmentation, or
new expansions creating more small habitable patches. Increased habitat fragmentation
could occur when there are small pieces of the overall range that somehow become
uninhabitable, creating unconnected spaces. Increased patchiness could also represent the
scenario in which species are dispersing into new areas, increasing the number of small
areas being inhabited. Lower values mean decreased habitat fragmentation (or a more
cohesive area), or local extirpations of complete small patches. This would result in less
patchiness, and also less overall area. The relationship showed that species at higher
elevations were predicted to experience a decreasing amount of patchiness. This could be
due to local extirpations occurring at the tops of mountains as species are unable to
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continue to move up in elevation to track optimal climate conditions, as they run out of
areas of permissive environments to move to.
Change in minimum latitude
There was a relationship between elevation and change in minimum latitude, but
the R2 value tells us that the elevation has low explanatory power. Higher change in
minimum latitude values show a greater northward shift (in latitude) in the southern
boundary of the range, while lower values predict less magnitude of northward shift, to a
southward shift. The relationship showed that species at higher elevations’ southern range
boundaries were predicted to shift northward at a higher rate than species at lower
elevations (i.e. species at higher elevations were predicted to have increased northern
range shift at the southern boundary of their ranges).
Change in maximum latitude
Higher change in maximum latitude values show a greater northward shift (in
latitude) in the northern boundary of the range, while lower values predict smaller
northward shift, or even southward shift. The relationship between elevation and the
change in maximum latitude showed that species at lower elevations are predicted to
experience the greatest amount of northern shift in the northern boundary of their ranges,
while species at higher elevations will experience a smaller shift (Figure 1.9). This could
indicate that species at high elevations, on mountains, are more likely to shift upward in
elevation. Species at lower elevations (typically more flatland associated species), under
the assumption of unlimited dispersal ability, have the opportunity to shift northward in
latitude at their northern boundaries to track optimal climate conditions.
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The relationship between precipitation and the change in maximum latitude
suggested that species that occur in drier areas were predicted to experience a greater
northward shift in their northern boundary, while species in wet areas were predicted to
experience little northward expansion at their northern boundaries, and in some instances
southward retraction (Figure 1.10). This implied that desert-associated species’ northern
boundaries are predicted to shift northward more than species that live in more mesic
environments.
The relationship between clade identity and the change in maximum latitude
suggested there was a possible separation of degree of response among the four clades.
The responses of ground squirrels and chipmunks were similar, as well as Dipodomys and
Microtus (Figure 1.11), suggesting a possible “squirrel” versus “non-squirrel” grouping.
Ground squirrels and Neotamias showed slightly higher mean values of change in
maximum latitude, suggesting that the northern boundaries of their ranges are likely to
shift northward at higher magnitudes than Dipodomys and Microtus species.
Explanatory power of predictor variables
Overall, of the three predictor variables being evaluated, elevation had the most
power to predict how species may respond to climate change, occurring in each of the
best supported models/equally best supported models for all of the species response
variables. Precipitation occurred in five of the 12 best supported models, and clade
occurred in four of the models. The fact that clade did not serve as a more important
predictor overall was interesting, as species are commonly grouped based on their
taxonomic identities to estimate how they may respond to climate change (Cardillo
2015).
38

Species were predicted to be sensitive to, and respond to, changing climate, as
reflected in predicted changes in area size, patchiness, minimum latitude, and maximum
latitude (Table 2 and Supplementary Figure 1). The expectation that ecologically
descriptive parameters show a strong relationship to predicted responses to climate
change was supported. Specifically, elevation was supported as a good predictor of
species responses to climate change, while precipitation had some support to be a
predictor.
The expectation that species’ taxonomic identities show a strong relationship to
predicted responses to climate change was not supported. Though species identities help
us categorize species into groups and have an organizational way to communicate
biodiversity, taxonomic categories do not necessarily aid in predicting how organisms
may respond to changing climate. Based on my results, other ecological characteristics
better predict how species will potentially respond to climate change. The biological
characteristics of species may have more explanatory power when trying to predict how
species will respond to changing climate, as they explain the local environmental
envelope in which species have the ability to persist.
Previous work has explored different ecological characteristics of species in
attempts to explain patterns of response to climate change. When species were binned as
either flatland or mountain dwelling, using elevation as a descriptive ecological
characteristic, species showed differential responses to climate change at their southern
edges and across their latitudinal range extents (Guralnick 2007). Range expansion was
less in flatland species than in mountain dwelling species (based on changes in southern
and northern range boundaries). Range expansion was not explicitly measured in my
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study, although area size and differences in northern and southern boundary extents were.
However, I did find that low elevation species are predicted to experience the least
amount of area decrease, while species in high elevations are predicted to experience the
largest amount of range area size decrease. These are not necessarily agreeing results,
though it has also been found that mountaintop species show severe range contractions,
and have been the first groups in which entire species have been documented to have
been driven extinct due to recent climate change (Parmesan 2006). Also, flatland species
had significantly larger northward shifts at the southern range edge than mountaindwelling species (Guralnick 2007). The pattern here shows that species at higher
elevations were predicted to have greater northern range shift at the southern boundary
than species at lower elevations. The difference may be due to binning species into
mountain or flatland species (Guralnick 2007), or using elevation as a continuous trait
(my study), as the research questions were different. Also, elevational shifts by species
may make it more difficult to identify large-scale latitudinal range contractions or
expansions caused by climate change.
The effect of elevation in response to climate change from past to current climate
was evaluated in a sample of species in Yosemite National Park (Moritz et al. 2008). Low
elevation species were more likely to shift ranges upward (in elevation). Increases in
elevation appeared to result from extinctions at low elevations, rather than colonizations
at high elevations. Though I did not explicitly measure changes in elevation of species, I
did find elevation to be the most useful characteristic in terms of explanatory power. In
the Yosemite study, high elevation species experienced range size contractions (Moritz et

40

al. 2008). Similarly, I found that species in high elevations are predicted to experience
large range area size decreases.
Chorotype is another descriptive ecological characteristic, based on
phytogeographical and biogeographical properties of species. Species were binned
according to chorotype, evaluating major relationships between groups (Thuiller et al.
2005). Boreo-alpine species were predicted to be sensitive to climate change, being at the
marginal cold end of the temperature gradient. Alpine species were predicted to be under
pressure by climate change, but have the potential to migrate upslope to find suitable
habitat. Mediterranean species (low altitude) were predicted to lose proportionally less
suitable habitat, and also gain new suitable habitat area, as they are nearer the warm end
of their temperature gradients (Thuiller et al. 2005). Similarly, I found that species in low
elevations are predicted to experience the least amount of area decrease.
Closely related species were found to respond differently within species groups
(Moritz et al. 2008). This is consistent with my conclusion that clade is not a good
predictor of how species may respond to climate change in the form of range shifts. This
suggests that species should be evaluated separately, regardless of their taxonomic
identity, as their persistence is likely to be dependent on ecological characteristics that
could vary even among close relatives. However, binning species by clade is a somewhat
coarse resolution of species relationships, and a more refined perspective based on
phylogeny may result in a stronger relationship to predicted species responses.
The ability to accurately predict species responses to climate change has potential
to aid in conservation or management planning. We must be cautious when determining
which characteristics describing species may have the most explanatory power when
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predicting what they are likely to do in future climate conditions. Using prediction
methods has the potential to save time, effort, resources, and money. This study is based
on small, diverse, well-sampled, and typically abundant species, yet it could be used as a
baseline for less-sampled species. If we know the characteristics that identify species that
may be strongly impacted by climate change, we have the potential to protect the
locations that they are likely to relocate to in the face of climate change, though stronger
support for specific characteristics (i.e. predictor variables) would likely still need to be
identified.
Characteristics that describe species niche properties are potentially powerful
indicators of species sensitivity to climate change. There are strong associations between
simple inferences based on ecological characteristics of species and projections made by
species distribution models (Thuiller et al. 2005). Therefore, major taxonomic groupings
should not be considered indicative of responses to climate change in the form of range
shifts, as closely related species do not necessarily thrive in the same ecological
conditions. When the goal of a project or management plan is to create accurate
predictions on species response to climate change in the form of range shifts, variables
describing species niches or ecological conditions should be utilized, or a more nuanced
and refined approach of incorporating degree of relatedness within clades through
phylogenetic analysis should be applied.
Data limitation and potential bias
A criticism of this study may be that projected changes in predicted future ranges
are sensitive to the climate models used. These predictions could potentially change if
different climate models, environmental parameters, future scenarios, or species
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distribution modeling methods were used. There are also potentially more advanced
modeling methods available, such as the ensemble forecasting method (Araújo and New
2007). However, the purpose of this study is not to predict specific geographic locations
in which species will be in the future, but to detect overall relationships within species
groups. Though the specific predictions should not be used for management locations,
they are sufficient to evaluate overall patterns of species predicted responses to climate
change. This allows us to get an overall idea of what species are likely to respond in
different ways.
Using species distribution models can also be problematic when trying to predict
range shifts, as they do not account for physical boundaries that species may encounter in
the process of a shift. This may have a large impact on changes in their ranges, but would
not necessarily be detected by the species distribution modeling methods that were used
here. Those types of predictions would only be possible if such barriers are explicitly
incorporated into models of future conditions. Range predictions here were based solely
on climate conditions.
To quantify traits that determine how species ranges shift in response to climate
change, it is necessary to understand natural history characteristics across the taxonomic
group of interest or the geographic region in question (Angert et al. 2011). Such detailed
information is often unavailable, so one way to approach these questions is to estimate
variables that describe the species’ ecological characteristics. Therefore, to be able to
conduct a large scale assessment of small mammals of North America, using species
distribution modeling was a valid way to obtain these data.
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Conclusions
Overall, elevation had the most power to predict how species may respond to
climate change, occurring in each of the best supported models for all of the species
response variables. Therefore, the expectation that ecologically descriptive parameters
show a strong relationship to predicted responses to climate change was supported. Clade
generally did not serve as an important predictor. Therefore, the expectation that species’
taxonomic identities show a strong relationship to predicted responses to climate change
was not supported. Based on my results, ecological characteristics, rather than taxonomic
identity, better predict how species will potentially respond to climate change. The
biological characteristics of species may have more explanatory power when trying to
predict how species will respond to changing climate, as they explain the local
environmental envelope in which species have the ability to persist.
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Appendix A
Supplementary Figure 1.1: ArcMap visualizations of each species’ current and predicted
future ranges. Yellow represents current range, while blue represents predicted future
range; green is where the two are overlapping. Subheadings represent the clades, and
each map is labeled with species name.
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Chapter 2: Phylogenetic influence on climate driven range shifts in North American small
mammals

Introduction
Current anthropogenic climate change is accelerating at an unprecedented rate,
potentially causing species to respond in many different ways, including changes in
physiology, biological interactions, and geographic distributions. Climate change may
cause species distributions to shift as species track optimal climate conditions (Pachauri
et al. 2014). A warming climate is expected to increase climate stress at the southernmost
range boundaries and reduces it at poleward boundaries; therefore, expected
distributional shifts in organisms in warming regions are poleward and upward in
elevation (Walther et al. 2002; Hickling et al. 2006; Parmesan 2006; Chen et al. 2011).
Climatic tolerances vary across species, causing some species to be more vulnerable
to climate change than others (Thuiller et al. 2005). The ecological niche of species is the
role and position a species has in its environment, including the way in which species’
needs for food, shelter, survival, and reproduction are met (Casetta and Borghini 2017).
The ecological niche describes how an organism responds to the distribution of resources
and competitors (Peterson et al. 2011). I defined niche here with different aspects of
species’ environments: temperature and precipitation. Does niche, this characteristic of
species, evolve predictably along a phylogenetic tree? If species responses to climate
change reflect ecological characteristics (that define their niche) that have evolved
predictably through time, evolutionary relationships between species could help predict
how species may be influenced by climate change. The degree to which the evolutionary
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history of species constrains their ability to stay within the same climatic conditions has
not been thoroughly assessed. Phylogenetic signal, when related species tend to resemble
each other with respect to a particular trait more than they resemble species drawn at
random from a phylogenetic tree (Blomberg and Garland 2002), can be assessed using
evaluated species traits that define their ecological niches. Identifying the phylogenetic
signal in species responses to climate change may help decipher the mechanisms
underlying differences in those responses (Willis et al. 2008; Comte et al. 2014).
Strong phylogenetic signal is defined as a significant correlation between the degree
of relatedness among species and their biological similarity, with trait similarity
decreasing as phylogenetic distance increases (Kamilar and Muldoon 2010). Therefore,
closely related species would exhibit similar trait values. A signature of high
phylogenetic signal is expected when traits evolve under processes that approximate a
Brownian motion model of evolution, such as genetic drift or neutral evolution. The
Brownian motion model of evolution describes the non-directional, random, and gradual
evolution of a trait through time, independent of the current state of the trait (Kamilar and
Cooper 2013), in which the amount of change in any given interval is generally small and
random in direction (Losos 2008).
Species’ traits exhibit low phylogenetic signal when they vary randomly across a
phylogeny or have many instances where distantly related species possess a similar trait
value, while closely related species possess different trait values (Kamilar and Cooper
2013). This could be due to rapid evolution of traits leading to homoplasy, or
alternatively, slow trait evolution, which would result in little variation across a
phylogeny. Low phylogenetic signal is also found in scenarios where close relatives
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rapidly diversify to fill new niches, in which many species arise at the same time so they
are all approximately the same age, causing the phylogenetic tree to have very little
structure. Divergent selection or convergent evolution may also result in a pattern where
close relatives are less similar than distant relatives, producing low phylogenetic signal
(Kamilar and Cooper 2013).
There has been interest in different aspects of species range shifts in response to
climate change, and the way in which these aspects are affected by varying phylogenetic
pressures. Several studies suggest that the effects of genetic and physiological constraints
are much stronger near the species’ borders, rather than the middle of the range
distribution (Antonovics 1976; Hoffmann and Blows 1994; García-Ramos and
Kirkpatrick 1997). Evolutionary adaptations to warmer conditions also occur in the
interiors of species’ ranges, while resource use and dispersal ability have evolved rapidly
at expanding range margins (Walther et al. 2002). Also, there is likely a relaxation of
selection on climate tolerance at northern boundaries, due to differences between climate
tolerance and resource preferences, which may cause rapid evolution of correlated traits
in those regions (Parmesan 2006).
Previous work has investigated these different aspects of species range shifts, and
the phylogenetic influences on those changes. Comte et al. (2014) focused on climateinduced altitudinal range shifts of stream fishes , and evaluated both the leading and
trailing edges of species ranges (i.e. the upper and lower altitudinal limits), as these range
extents have the potential to be driven by species traits that may be influenced by climate
change (Roy et al. 2009; Comte et al. 2014). They found phylogenetic signal in the
southern boundary of species ranges, meaning that closely related species’ southern
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boundary shifted in similar ways. When range size areas were evaluated, range area
contractions show low support for phylogenetic signal (Thuiller et al. 2011). This means
there is a low probability that a large portion of the phylogeny will go extinct within a
short amount of time. My study quantified different species response parameters and
determined if any of those parameters support phylogenetic signal.
In my previous work (Chapter 1), I found that coarse taxonomic categorization does
not serve as a strong predictor of species responses to climate change, but such an
approach did not take into account phylogenetic relatedness within clades. Here I refined
this approach by using phylogenetic data, rather than taxonomic categories, to determine
if there was evidence that closely related species are likely to respond in similar ways.
I hypothesized that species predicted responses to climate change reflect
underlying ecological characteristics that evolve predictably across the species’
phylogeny. I specifically examined four aspects of species response: changes in 1) range
area, 2) patch structure, 3) southern range boundary, and 4) northern range boundary.
This predicted that similarity in species responses will reflect a degree of relatedness
between species, which would be visible as signatures of phylogenetic signal.
Methods
Study Taxa
The taxa in this study included North American small mammals within the genus
Dipodomys (kangaroo rats, 21 species), genus Neotamias (chipmunks, 21 species), genus
Microtus (meadow voles, 17 species), and tribe Marmotini (ground squirrels, 30 species)
(Table 2.1). Kangaroo rats live primarily in hot, arid, desert-associated landscapes. They
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live in well-drained areas, particularly on sandy or soft soils that are suitable for
burrowing (Julian and Timm 1985). Chipmunks are distributed fairly widely throughout
North America, typically in montane environments at high elevations (Wilson et al.
1999). Meadow voles are most commonly found in mesic meadows and grasslands, but
also found in wooded areas (Reich 1981). They are most commonly associated with areas
of dense vegetation and moist conditions (Pendleton 1984). Marmotini is a tribe of
ground squirrels that live in a variety of natural habitats, typically open, grassy, welldrained areas of varying elevations (Nowak 1999).
These small mammals are diverse, abundant, and well-sampled across their
geographic ranges. Biologists have documented numerous locality records with
georeferenced specimens archived in museum collections. These species have diverse life
histories, representing many different habitats across the North American landscape. My
focus on these taxa allowed me to restrict my sampling to taxonomic groups that are
currently distributed throughout, and have diversified within North America, thereby
avoiding clades that include species that have evolved under a range of geographic
contexts (e.g., both North America and Asia). Further descriptions of species clades can
be found in Chapter 1.
Ecological Niche Modeling / Spatial Analysis
To generate predictions for species responses to climate change, I used ecological
niche models and subsequent spatial analysis as described in Chapter 1. Complete
species, species locality records, and future predicted presence polygons were excluded
from analysis as described in Chapter 1. Species were also excluded here if there were no
available cytochrome b sequences for the individual species for use in phylogenetic
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analysis. See Chapter 1 for details on niche model construction and response parameter
quantification. These species response values provided the basis for all subsequent tests
of phylogenetic signal.
Phylogenetic Tree Creation
To evaluate the role of evolutionary history in influencing species responses to
predicted climate change, I mapped the four species response parameters onto
phylogenetic trees representing each of the small mammal clades. To create these
phylogenies, I acquired DNA sequences representing each species from the online
GenBank database (Benson et al. 2005), which archives genetic datasets. I obtained DNA
fragments representing the cytochrome b gene for each focal taxon (Table 2.1).
Dipodomys sequences are 1140 nucleotides (Alexander and Riddle 2005). Neotamias
sequences range from 720 to 1140 nucleotides, as referenced in Patterson and Norris
(2015). Microtus sequences are 1143 nucleotides, as referenced in Jaarola et al. (2004).
The outgroup sequence is 1637 nucleotides, and includes a section of the tRNA-Thr and
tRNA-Pro genes (Galbreath and Cook 2004). Marmotini sequences range from 528 to
1140 nucleotides. Specific sequence length, source of each sequence, and Genbank
accession number can be found in Table 2.1. The cytochrome b gene is a region of
mitochondrial DNA commonly used for determining phylogenetic relationships among
organisms due to its sequence variability, which makes it useful for the comparison of
species in the same genus or the same family. I aligned the sequences of each clade
separately in MEGA version 7 (Kumar et al. 2016). I used jModelTest (Darriba and
Posada 2014) to find the most appropriate nucleotide substitution model, which is a
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prerequisite for model-based methods of phylogenetic reconstruction using DNA
sequence data.
I used MrBayes (Huelsenbeck and Ronquist 2001) for Bayesian analysis to
evaluate species relationships for each clade. MrBayes uses a Markov chain Monte Carlo
(MCMC) method to estimate the posterior distribution of model parameters (Huelsenbeck
et al. 2001). Within MrBayes, I ran 100 million generations, sampling every 100,000
trees, and keeping a sample of 1000 trees. Two runs were completed for each clade,
resulting in a total sample of 2000 trees per clade. Tracer (Rambaut et al. 2018) was used
to evaluate effective sample size (ESS) values of each run to ensure values were above
200, which indicates the estimate of the posterior distribution of that parameter is
acceptable. The ESS is the number of independent samples that the trace is equivalent. A
low ESS means that the trace contained many correlated samples and may not represent
the posterior distribution well, which indicates that the current analysis would not yet
yield a sufficient number of independent samples from the posterior distribution for that
parameter. Tracer was also used to evaluate the raw traces connecting the parameter
values visited by the Markov chain, which represents the sampled values against the step
in the MCMC chain. Ideally, the visualization of the trace shows no obvious trends that
would suggest that the MCMC was still converging and there are no large-scale
fluctuations in the trace. The first 10% of each run was deleted as burn-in, yielding 1800
phylogenetic trees for each clade.
Phylogenetic Signal
Multiple test statistics, including Pagel’s λ (Pagel 1999), Blomberg’s K
(Blomberg et al. 2003), Abouheif’s C (Abouheif 1999), and binary trait statistic D (Fritz
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and Purvis 2010), have been developed to test for phylogenetic signal. The different
indices measure different aspects of phylogenetic signal, and can lead to contrasting
results due to each test’s sensitivity to underlying patterns of phylogenetic signal or their
sensitivities to different topologies of phylogenies (Münkemüller et al. 2012).
Pagel’s λ is a scaling parameter for phylogeny and measures phylogenetic
dependence of an observed trait. The likelihood of the trait data is calculated, given the
phylogeny and the Brownian Motion (BM) model (Pagel 1999). In the BM model, trait
evolution follows a random walk along the branches of the phylogenetic tree, with the
variance in the distribution of the trait values being directly proportional to branch length
(Kamilar and Cooper 2013). Pagel’s λ uses maximum likelihood optimization to
investigate the degree to which a trait exhibits phylogenetic signal, incorporating species
trait values and the phylogeny to test for signal (Kamilar and Cooper 2013). Blomberg’s
K expresses the strength of phylogenetic signal as the ratio of the mean squared error of
the trait values measured from the phylogenetically corrected mean and the mean squared
error, based on the variance-covariance matrix derived from the phylogeny under the
assumption of Brownian Motion (Blomberg et al. 2003; Kamilar and Cooper 2013).
Abouheif’s C tests for serial independence, and is based on the sum of successive squared
differences between trait observations. This statistic focuses on topology and does not use
branch length data (Abouheif 1999). Pagel’s λ, Blomberg’s K, and Abouheif’s C require
continuous trait values, while the D statistic requires binary trait values (Fritz and Purvis
2010). The D statistic is based on the sum of sister-clade differences in a given
phylogeny. There is a possibility that the power for detecting significant trends may be
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obscured by using continuous trait values, and it is recommended to include binary index
in a phylogenetic signal analysis (Comte et al. 2014).
The choice of one method over another depends upon the question under
investigation and on the nature of the expected phylogenetic signal. Pagel’s λ and
Blomberg’s K are the most sensitive statistics, while Abouheif’s C typically responds
more conservatively (Münkemüller et al. 2012). In studies that aim to estimate the
strength of phylogenetic signal (the effect size), Pagel’s λ or Blomberg’s K should be
used, as Abouheif’s C is not suited to measure the effect size. When testing for the
presence of a significant test result, Pagel’s λ and Blomberg’s K are testing for a
significant departure from the BM model, while Abouheif’s C is an autocorrelation index,
testing for a significant departure from randomly distributed trait values.
Phylogenetic signal test statistic interpretations vary among indices. Pagel’s λ has a
natural scale from 0 to 1, with 0 representing no phylogenetic signal (the phylogeny is not
able to explain trait evolution) and 1 representing pure Brownian Motion (the structure of
the phylogeny alone can explain changes in traits), and values between 0 and 1
representing decreasing impact of phylogeny. Pagel’s λ can be greater than 1,
representing the rate of evolution being higher at the root than at the tips of the
phylogeny. Blomberg’s K typically ranges from 0 to 1, with 0 representing no
phylogenetic signal, or phylogenetic independence of traits, 1 representing phylogenetic
signal, or that the observed variation in the trait is predicted by the structure of the
phylogeny under a BM model of evolution. Blomberg’s K can take higher values than 1,
indicating stronger trait similarity among related species than expected under BM. Values
of Abouheif’s C closest to zero indicate stronger relationships between trait values and
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the phylogeny. When C is 0, species resemble each other as much as predicted under BM,
representing phylogenetic signal. When C is less than 0, species resemble each other less
than predicted under BM (i.e., low phylogenetic signal). When C is greater than 0,
closely related species are more similar in relation to the studied trait, representing more
similar traits than expected under BM. When the D binary statistic is 0, the observed trait
is distributed as if it had evolved by BM, representing phylogenetic signal. Values of 1
indicate the observed binary trait has a phylogenetically random distribution across the
tips of the phylogeny, and does not represent phylogenetic signal. Values greater than 1
indicate traits are random or phylogenetically overdispersed. If the value is less than 0,
traits are extremely phylogenetically clumped on tips.
To calculate the D binary statistic, it was necessary to convert continuous trait
values to binary values (0 or 1). This process was completed for each of the species
response parameters. For the index of area change, if the value was greater than 1 (range
expansion), it was coded as 1, and if the value was less than 1 (range contraction), it was
coded as 0. For the index of patch structure, if the value was greater than 1 (increased
number of patches), it was coded as 1, and if the value was less than 1 (fewer patches), it
was coded as 0. For the change in minimum latitude, if the value was greater than 0
(northward shift), it was coded as 1, and if it was less than 0 (southward shift), it was
coded as 0. For the change in maximum latitude, if the value was greater than 0
(northward expansion), it was coded as 1, and if it was less than 0 (southward expansion),
it was coded as 0.
To test for phylogenetic signal underlying species responses to predicted climate
change, I calculated Pagel’s λ, Blomberg’s K, Abouheif’s C, and the D binary statistic for
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each response variable (see Chapter 1) in each clade. These tests were performed in the R
programming language (R Core Team 2017), version 3.5.0. Pagel’s λ and Blomberg’s K
require tools within the “ape” (Paradis et al. 2004), and “phytools” (Revell 2012)
packages. Abouheif’s C requires tools within the “ape”, “phytools”, “picante” (Kembel et
al. 2010), “adephylo” (Jombart and Dray 2017), “ade4” (Dray and Dufour 2007),
“phylobase”(Bolker et al. 2017), “geiger” (Harmon et al. 2015), “mytnorm” (Genz et al.
2018), “msm” (Roca-Pardinas 2012), “maps” (Deckmyn 2018), and “mnormt” (Genz et
al. 2018) packages. The D binary statistic requires tools within the “caper” (Orme et al.
2009) and “ape” packages. RStudio (Racine 2012) was used as a tool to carry out the
tests. These tests were completed on the sample of 1800 phylogenetic trees for each of
the four clades, for each of the four species response parameters. The tests cycled through
the 1800 trees, calculating each statistic for each response parameter for each clade. This
sample of trees provides an estimate of the phylogenetic ambiguity that may occur within
each clade of interest.
For each test I calculated the mean and standard deviation of the test statistic
value for each parameter/clade combination (Figures 2.5 – 2.8, Supplementary Table
2.1), as well as the proportion of trees that yielded a statistically significant result (α =
0.05) (Table 2.2). The sample of trees, some of which show different topologies, was
used to see how consistently the trees produce significant phylogenetic signal. To
investigate the degree to which phylogenetic ambiguity influenced the evidence for
phylogenetic signal, I created histograms of the distributions of p-values from the sample
of 1800 trees for each parameter, for each test, for each clade, and calculated the total
percentage of trees that showed a statistically significant phylogenetic signal test result
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within each. I compared these percentages across clades/parameter/tests to determine
patterns of evidence of phylogenetic signal in different parameters for species responses
to climate change.
My study addressed uncertainty in phylogenetic relationships by using a Bayesian
approach to investigate the breadth of alternative relationships that could not be rejected
by the analysis. This accounts for the ambiguity within a phylogeny if certain
relationships are not well resolved. This method of using a sample of phylogenetic trees,
calculating phylogenetic signal for each of them, and then determining the proportion of
trees that show statistically significant phylogenetic signal takes into account that
uncertainty.
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Table 2.1: The family, genus, species, genetic marker, Genbank accession number,
number of nucleotides in sequence, and publication source of each species included in
phylogenetic analysis. Outgroup species are also included and denoted as such.
Family

Genus/species Genetic
Marker

Genbank
# of
Source
Accession # Nucleotides

Heteromyi Dipodomys
dae
agilis

Cytochrome AY926366
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
californicus

Cytochrome AY926368
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
compactus

Cytochrome AY926379
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
deserti

Cytochrome AY926381
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
elator

Cytochrome AY926376
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
gravipes

Cytochrome AY926375
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
heermanni

Cytochrome AY926369
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
ingens

Cytochrome AY926377
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
merriami

Cytochrome AY926363
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
microps

Cytochrome AY926385
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
nelsoni

Cytochrome AY926364
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
nitratoides

Cytochrome AY926372
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
ordii

Cytochrome AY926365
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
panamintinus

Cytochrome AY926384
b

1140

Alexander and
Riddle 2005
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Heteromyi Dipodomys
dae
phillipsii

Cytochrome AY926378
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
simulans

Cytochrome AY926367
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
spectabilis

Cytochrome AY926382
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
stephensi

Cytochrome AY926380
b

1140

Alexander and
Riddle 2005

Heteromyi Dipodomys
dae
venustus

Cytochrome AY926373
b

1140

Alexander and
Riddle 2005

Heteromyi Microdipodops Cytochrome AY926362
dae
megacephalus b

1140

Alexander and
Riddle 2005

Heteromyi Microdipodops Cytochrome AY926361
dae
pallidus
b

1140

Alexander and
Riddle 2005

Heteromyi Liomys pictus
dae
(outgroup)

Cytochrome AY926359
b

1140

Alexander and
Riddle 2005

Sciuridae

Neotamias
amoenus

Cytochrome AY121090
b

720

Demboski and
Sullivan 2003

Sciuridae

Neotamias
canipes

Cytochrome KJ139459
b

1140

Sullivan et al.
2014

Sciuridae

Neotamias
cinereicollis

Cytochrome KJ139547
b

762

Sullivan et al.
2014

Sciuridae

Neotamias
dorsalis

Cytochrome KJ139583
b

784

Sullivan et al.
2014

Sciuridae

Neotamias
durangae

Cytochrome JN042437
b

1119

Reid et al. 2012

Sciuridae

Neotamias
merriami

Cytochrome JN042549
b

1119

Reid et al. 2012

Sciuridae

Neotamias
minimus

Cytochrome KJ453081
b

1140

Rubidge et al.
2014

Sciuridae

Neotamias
obscurus

Cytochrome JN042551
b

1119

Reid et al. 2012
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Sciuridae

Neotamias
ochrogenys

Cytochrome AF147654
b

1136

Piaggio and
Spicer 2001

Sciuridae

Neotamias
palmeri

Cytochrome AF147655
b

1103

Piaggio and
Spicer 2001

Sciuridae

Neotamias
panamintinus

Cytochrome KJ453106
b

1140

Rubidge et al.
2014

Sciuridae

Neotamias
Cytochrome JN042497
quadrimaculat b
us

1119

Reid et al. 2012

Sciuridae

Neotamias
quadrivittatus

Cytochrome KJ139530
b

784

Sullivan et al.
2014

Sciuridae

Neotamias
ruficaudus

Cytochrome JN042448
b

1119

Reid et al. 2012

Sciuridae

Neotamias
rufus

Cytochrome KJ139468
b

1140

Sullivan et al.
2014

Sciuridae

Neotamias
senex

Cytochrome JN042532
b

1119

Reid et al. 2012

Sciuridae

Neotamias
siskiyou

Cytochrome JN042509
b

1119

Reid et al. 2012

Sciuridae

Neotamias
sonomae

Cytochrome JN042530
b

1119

Reid et al. 2012

Sciuridae

Neotamias
speciosus

Cytochrome JN042483
b

1119

Reid et al. 2012

Sciuridae

Neotamias
townsendii

Cytochrome JN042504
b

1119

Reid et al. 2012

Sciuridae

Neotamias
umbrinus

Cytochrome KJ139640
b

759

Sullivan et al.
2014

Sciuridae

Tamias striatus Cytochrome JN042555
(outgroup)
b

1119

Reid et al. 2012

Cricetidae Microtus
californicus

Cytochrome AF163891
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
canicaudus

Cytochrome AF163892
b

1143

Conroy and
Cook 2000
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Cricetidae Microtus
chrotorrhinus

Cytochrome AF163893
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
guatemalensis

Cytochrome AF410262
b

1143

Conroy et al.
2001

Cricetidae Microtus
longicaudus

Cytochrome AF187230
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
mexicanus

Cytochrome AF163897
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
miurus

Cytochrome AF163899
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
montanus

Cytochrome AF119280
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
oaxacensis

Cytochrome AF410260
b

1143

Conroy et al.
2001

Cricetidae Microtus
ochrogaster

Cytochrome AF163901
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
oregoni

Cytochrome AF163903
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
Cytochrome AF119279
pennsylvanicus b

1143

Conroy and
Cook 2000

Cricetidae Microtus
pinetorum

Cytochrome AF163904
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
quasiater

Cytochrome AF410259
b

1143

Conroy et al.
2001

Cricetidae Microtus
richardsoni

Cytochrome AF163905
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
townsendii

Cytochrome AF163906
b

1143

Conroy and
Cook 2000

Cricetidae Microtus
Cytochrome AF163907
xanthognathus b

1143

Conroy and
Cook 2000

Cricetidae Microtus
oeconomus
(outgroup)

1637

Galbreath and
Cook 2004

Cytochrome AY305263
b

109

Sciuridae

Ammospermop Cytochrome AF157926
hilus harrisii
b

1140

Harrison et al.
2004

Sciuridae

Ammospermop Cytochrome U46174
hilus interpres b

528

Sudman and
Hafner unpub.

Sciuridae

Ammospermop Cytochrome AY685558
hilus leucurus b

555

Whorley et al.
2016

Sciuridae

Callospermoph Cytochrome AF157930
ilus lateralis
b

1140

Harrison et al.
2004

Sciuridae

Callospermoph Cytochrome AF157917
ilus saturatus b

1140

Harrison et al.
2004

Sciuridae

Cynomys
gunnisoni

Cytochrome AF157930
b

1140

Harrison et al.
2004

Sciuridae

Cynomys
leucurus

Cytochrome AF157879
b

1140

Harrison et al.
2004

Sciuridae

Cynomys
ludovicianus

Cytochrome AF157890
b

1140

Harrison et al.
2004

Sciuridae

Cynomys
mexicanus

Cytochrome AF157847
b

1140

Harrison et al.
2004

Sciuridae

Cynomys
parvidens

Cytochrome AF157922
b

1140

Harrison et al.
2004

Sciuridae

Ictidomys
mexicanus

Cytochrome AF157848
b

1140

Harrison et al.
2004

Sciuridae

Ictidomys
Cytochrome AF157877
tridecemlineatu b
s

1140

Harrison et al.
2004

Sciuridae

Marmota
broweri

Cytochrome AF143919
b

1140

Steppan et al.
2016

Sciuridae

Marmota
caligata

Cytochrome AF143920
b

1140

Steppan et al.
2016

Sciuridae

Marmota
flaviventris

Cytochrome AF143926
b

1140

Steppan et al.
2016

Sciuridae

Marmota
monax

Cytochrome AF143934
b

1140

Steppan et al.
2016
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Sciuridae

Notocitellus
annulatus

Cytochrome AF157851
b

1140

Harrison et al.
2004

Sciuridae

Otospermophil Cytochrome AF157918
us beecheyi
b

1140

Harrison et al.
2004

Sciuridae

Otospermophil Cytochrome AF157854
us variegatus b

1140

Harrison et al.
2004

Sciuridae

Poliocitellus
franklinii

Cytochrome AF157893
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
armatus

Cytochrome AF157901
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
beldingi

Cytochrome AF157951
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
columbianus

Cytochrome AF157939
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
elegans

Cytochrome AF157891
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
parryii

Cytochrome AF157896
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
richardsonii

Cytochrome AF157915
b

1140

Harrison et al.
2004

Sciuridae

Urocitellus
townsendii

Cytochrome AF157935
b

1140

Harrison et al.
2004

Sciuridae

Xerospermophi Cytochrome AF157928
lus mohavensis b

1140

Harrison et al.
2004

Sciuridae

Xerospermophi Cytochrome AF157846
lus spilosoma b

1140

Harrison et al.
2004

Sciuridae

Xerospermophi Cytochrome AF157941
lus
b
tereticaudus

1140

Harrison et al.
2004

Sciuridae

Tamias
dorsalis
(outgroup)

1140

Harrison et al.
2005

Cytochrome AF157924
b
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Results
Phylogenetic trees were created to use species relationships in the tests for
phylogenetic signal. Included here are the consensus trees from the sample of 1800
phylogenetic trees for each clade (Figures 2.1 - 2.4).
In theory, when testing the same clade and species response parameter, all of the test
statistics should give the same biological interpretation, though the actual values should
differ depending on the test type. This is due to the differences in the way in which each
of the tests are calculated. For a clade and response parameter to have 100% support for
phylogenetic signal, Pagel’s λ and Blomberg’s K would equal 1, and Abouheif’s C and D
Binary would equal 0. The four response parameters show patterns that suggest evidence
for phylogenetic signal in some instances. For example, the change in maximum latitude
parameter for Dipodomys spp. show values close to 1 in both the Pagel’s λ and
Blomberg’s tests, and values close to 0 for Abouheif’s C and the D binary statistic tests,
which indicates support for phylogenetic signal (Figure 2.5). However, many species
response parameters within the same clade show opposing values in the test statistics,
indicating different biological interpretations (Figures 2.5 – 2.8). A summary of the mean
test statistic values can be found in Supplementary Table 2.1.
The total number of trees that show statistically significant phylogenetic signal out of
the sample of 1800 phylogenetic trees for each clade, test statistic, and clade were
evaluated (Table 2.2). These values differ from the test statistic values presented above,
as the values represented here are only the statistical significant trees.
Kangaroo rats show the strongest evidence of phylogenetic signal in the minimum
latitude change and maximum latitude change parameters. There is some evidence for
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phylogenetic signal in the index of patch structure. Chipmunks show the strongest
evidence for phylogenetic signal in the index of patch structure. This clade shows some
evidence for minimum latitude change and maximum latitude change. Meadow voles
show the strongest evidence in minimum latitude change. Ground squirrels do not show
strong evidence of phylogenetic signal in any parameter.
Over all of the clades, the change in minimum latitude parameter shows the
strongest support for phylogenetic signal. There is some evidence of phylogenetic signal
in the maximum latitude change and patch structure parameters. There is essentially no
evidence of phylogenetic signal for the index of area change parameter, in any clade.
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Figure 2.1: Bayesian consensus tree for the Dipodomys clade. The consensus tree was
created from the sample of 1800 phylogenetic trees. Posterior probabilities, which
indicate support for specific relationships, are shown at the nodes. Tip labels represent
each species included in analysis. The outgroup for this clade is Liomys pictus.
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Figure 2.2: Bayesian consensus tree for the Neotamias clade. The consensus tree was
created from the sample of 1800 phylogenetic trees. Posterior probabilities, which
indicate support for specific relationships, are shown at the nodes. Tip labels represent
each species included in analysis. The outgroup for this clade is Tamias striatus.
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Figure 2.3: Bayesian consensus tree for the Microtus clade. The consensus tree was
created from the sample of 1800 phylogenetic trees. Posterior probabilities, which
indicate support for specific relationships, are shown at the nodes. Tip labels represent
each species included in analysis. The outgroup for this clade is Microtus oeconomus.
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Figure 2.4: Bayesian consensus tree for the Marmotini tribe ground squirrel clade. The
consensus tree was created from the sample of 1800 phylogenetic trees. Posterior
probabilities, which indicate support for specific relationships, are shown at the nodes.
Tip labels represent each species included in analysis. The outgroup for this clade is
Tamias dorsalis.
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Figure 2.5: Phylogenetic signal test statistic mean values for Dipodomys. The four graphs
under each clade represent the four test statistics used to test for phylogenetic signal: a)
Pagel’s λ, b) Blomberg’s K, c) Abouheif’s C, and d) D Binary Statistic. Means/standard
deviations are calculated from the sample of 1800 phylogenetic trees for each clade.
Standard deviation is represented by error bars. Arrows represent at which value
phylogenetic signal is found for each test statistic.
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Figure 2.6: Phylogenetic signal test statistic mean values for Neotamias. The four graphs
under each clade represent the four test statistics used to test for phylogenetic signal: a)
Pagel’s λ, b) Blomberg’s K, c) Abouheif’s C, and d) D Binary Statistic. Means/standard
deviations are calculated from the sample of 1800 phylogenetic trees for each clade.
Standard deviation is represented by error bars. Arrows represent at which value
phylogenetic signal is found for each test statistic.
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Figure 2.7: Phylogenetic signal test statistic mean values for Microtus. The four graphs
under each clade represent the four test statistics used to test for phylogenetic signal: a)
Pagel’s λ, b) Blomberg’s K, c) Abouheif’s C, and d) D Binary Statistic. Means/standard
deviations are calculated from the sample of 1800 phylogenetic trees for each clade.
Standard deviation is represented by error bars. Arrows represent at which value
phylogenetic signal is found for each test statistic.
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Figure 2.8: Phylogenetic signal test statistic mean values for Marmotini ground squirrels.
The four graphs under each clade represent the four test statistics used to test for
phylogenetic signal: a) Pagel’s λ, b) Blomberg’s K, c) Abouheif’s C, and d) D Binary
Statistic. Means/standard deviations are calculated from the sample of 1800 phylogenetic
trees for each clade. Standard deviation is represented by error bars. Arrows represent at
which value phylogenetic signal is found for each test statistic.

121

Table 2.2: Percentages of trees showing statistically significant phylogenetic signal
within each clade, for each parameter and test of phylogenetic signal. The green bars
represent the percentage of each cell that is significant (i.e. the more green in each cell,
the more support for phylogenetic signal). If the column under a species response
parameter (5 cells representing the different tests of phylogenetic signal) has high
percentages in multiple cells, there is more support for significant phylogenetic signal.

Test Type
Area Index
Dipodomys (kangaroo rats)
Pagel
0%
Blomberg
0%
Abouheif
51%
D from random 0%
D from B.M
6%
Neotamias (chipmunks)
Pagel
1%
Blomberg
0%
Abouheif
34%
D from random 0%
D from B.M.
99%
Microtus (meadow voles)
Pagel
0%
Blomberg
1%
Abouheif
99%
D from random 1%
D from B.M.
100%
Marmotini (ground squirrels)
Pagel
0%
Blomberg
0%
Abouheif
16%
D from random 0%
D from B.M.
0%

Patch Structure Min.
IndexLatitude Max. Latitude
0%
2%
73%
21%
100%

67%
24%
84%
0%
100%

13%
31%
98%
13%
100%

35%
0%
54%
38%
100%

9%
2%
81%
1%
98%

0%
0%
69%
35%
100%

0%
0%
9%
0%
97%

12%
12%
70%
83%
100%

0%
0%
23%
2%
100%

0%
0%
14%
0%
0%

0%
0%
27%
0%
100%

0%
0%
93%
0%
87%
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Discussion
Cladistic analysis
The different clades showed varying degrees of support for phylogenetic signal in
the different parameters of response to climate change, which suggested that parameters
that reflect underlying ecological characteristics were at least partially evolutionarily
conserved, within varying clades and parameters. This could be due to many factors, but
it may suggest that species’ varying life history characteristics play a role in how species
respond to climate change, and how well those responses track along the phylogeny.
Kangaroo rats showed the strongest evidence of phylogenetic signal in the
minimum latitude change and maximum latitude change parameters, which suggested
that there were strong physiological constraints on both southern and northern range
boundaries. The physiology of these taxa constrains the climate envelope in which they
can persist, which tightly constrains their distributions at both the southern and northern
limits of their ranges. These physiological characteristics appear to be evolving
predictably along the phylogeny, based on strong support for signal. This includes local
extinctions at the southernmost boundaries and expansions at the northernmost
boundaries. In this clade, there is also some evidence for phylogenetic signal in the index
of patch structure. From the ENMs (Supplementary Figure 1.1, Chapter 1), we saw that
there was predicted expansion in the northern limit of the range into new localities, and
increased patchiness. The increased area could have an effect on the increased patchiness
as new localities are inhabited, but an entire range shift has not expanded into those new
localities, creating increased patchiness in the process of expanding. Patchiness is also
likely to reflect the highly subdivided nature of the landscapes where these taxa live.
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Chipmunks showed the strongest evidence for phylogenetic signal in the index of
patch structure. These species typically inhabit montane/high elevation environments. In
response to climate change, it is thought that many high altitude species move upward in
elevation to stay within their thermal safety margins, as temperature decreases with
elevation (Parmesan 2006), rather than shift northward in latitude. These species are
likely moving up the mountains to stay within their optimal climatic envelope. This could
suggest that for these species, the patch structure index could be considered the “warm
line”, rather than the minimum latitude, which constrains their physiological
characteristics that allow them to persist. This “warm” boundary for these species
represents the lower elevations of the mountaintops. These species are likely being
pushed into the higher elevation parts of the mountaintops, creating increased patchiness
in habitable conditions, or decreased patchiness where local extirpations are occurring.
The ENMs show that species ranges in this clade were predicted to decrease in area, as
well as decrease in the number of patches, which could suggest that many of the small
patches are predicted to experience local extirpations.
Meadow voles showed the strongest evidence in minimum latitude change, which
likely represents the “warm” boundary at the southern edge of the range of these species.
These species are typically wet/mesic environment associated. With ongoing changing
climate, many regions at the southern boundary of these species’ ranges may become
warmer and drier. This could support the evidence for phylogenetic signal in the change
in minimum latitude, as the physiological thresholds at this boundary are near the edge of
what these species are able to tolerate. This suggested that moisture is an important

124

player in these species’ physiological limits, and is a large contributor to these species’
survival.

Marmotini tribe ground squirrels do not show strong evidence of phylogenetic
signal in any parameter. If the phylogeny does not predict species response, that implies
that niches are not phylogenetically conserved. This could be due to ground squirrels
living in very diverse environments. Marmotini ground squirrels live in a variety of
environments, though typically are associated with well-drained soils where they are able
to make burrows. Species may be evolving in response to their own local climatic
conditions, but not necessarily tracking the phylogeny. This could lead to distantly
related species having more similar traits than closely related species, as selection drives
local adaptations regardless of the ancestral condition of the species in question. This
would lead to traits evolving unpredictably along the phylogeny, decreasing the strength
of phylogenetic signal. It is also likely that these species underwent rapid niche evolution
to make use of diverse environments, resulting in homoplasy. This could lead to distantly
related species having more similar traits than closely related species, also decreasing the
strength of phylogenetic signal.
Species response parameters
An interaction between ecology, landscape, and physiology determine the
distributions of species under different climate scenarios. The different response
parameters evaluated here highlight different aspects of those interactions. Many factors
may contribute to species’ responses to climate change, but the aim here is to focus on
factors that seem likely to follow phylogeny. Physiological characteristics of species may
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be the most likely characteristics to track phylogeny, as they play a large part in species’
abilities to survive. Under that reasoning, aspects of species distributions that are most
tightly constrained by physiology are more likely to reflect a phylogenetic signal. The
species response parameters evaluated here, to test for phylogenetic signal, are simply
markers that represent underlying inherent qualities of species. For example, the change
in minimum latitude itself does not evolve, but aspects of physiology that influence the
change in minimum latitude do evolve.
The parameter that showed the strongest support for phylogenetic signal is the
change in minimum latitude. The most warming is likely to be happening at the southern
boundary of each range, causing this parameter to represent the “warm line” of the range.
There is likely a strong constraint for species to stay within optimal climatic conditions.
At the southern boundary, the presence or absence of a species in a particular place is
influenced strongly by its physiological threshold, as it is living right up to the edge of
what it can tolerate. The physiological characteristics that allow species to tolerate
warming are at the edge of what they are able to tolerate in order to survive. This
suggested that there is a high level of conservatism in thermal safety margins, as the
physiological sensitivity of species to tolerate further warming is put to the test.
Physiological thresholds may not be the only factor influencing the distribution extents,
as competition and predation can also be involved.
There was some evidence of phylogenetic signal in the maximum latitude change
parameter, suggesting that the underlying ecological characteristics that define this
parameter are constrained by the phylogeny in some cases. In general, the change in
maximum latitude represented expansion or contraction of the northern boundary. The
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general assumption is that species are expected to move northward with ongoing climate
change (Parmesan 2006). The ability of species to expand into new areas requires
dispersal ability, which is likely a characteristic that is consistent with the phylogeny.
Spatial gradients in climatic variables often indirectly impact species range limits (Mott
2010). Factors such as temperature, soil chemistry, water chemistry, salinity, and
moisture levels have potential to present physiological barriers that limit species range
extents (Hardie and Hutchings 2010). For example, species with high water demands are
unlikely to be able to disperse across a desert region. Dispersal is only possible by species
if they possess physiological characteristics that allow them to survive in new areas, such
as thermal tolerances (ability to heat/cool), osmoregulation (water retention), and nutrient
regulation, as species near range limits often experience greater physiological stress due
to suboptimal conditions (Hardie and Hutchings 2010; Mott 2010).
There was also some evidence of phylogenetic signal in the patch structure
parameter. The patch structure index represented increased or decreased patchiness in the
overall species range. Patchiness occurs when species become locally extinct in certain
regions of the overall range, and persist in others. Patchiness could increase when species
are potentially expanding into new regions at the expanding boundary, or colonizing new
patches that are not connected to the existing range. Patchiness could decrease if small
populations become locally extirpated. In alpine species, the patchiness parameter may
represent the “warm” boundary, as it is tightly linked to the lower limit at which climate
permits persistence of species. In flat-land taxa, patchiness has potential to be due to
many more, and less predictable, factors.
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There was essentially no evidence of phylogenetic signal for the index of area
change parameter in any of the clades evaluated. The underlying ecological
characteristics that define range size are not necessarily constrained by the phylogeny,
since the total distribution area size would not be influencing species in local populations.
For example, species in eastern North America will not necessarily be affected by the
same climate conditions as relatives in western North America. Therefore, there would
not be a physiological constraint that would track the phylogeny, causing this aspect of
species range shift to be independent of the phylogeny. Complexities of the landscape
may contribute, as there are many environmental factors I did not consider, such as
elevation or physical boundaries. The only environmental data used here were based on
temperature and precipitation.
Big picture
This study has similar and dissimilar results to other studies that examined if
underlying ecological characteristics of species responses to climate change are
consistent with phylogeny. I found that the minimum latitude change showed the highest
support for phylogenetic signal. This echoes Comte et al. (2014) who suggested that the
capacity of a species (specifically, fishes) to tolerate further warming (i.e. species thermal
safety margins) is a highly phylogenetically conserved trait, which determines range
shifts at the southern border. However, they found that range shifts at the northern border
did not show support for phylogenetic signal. Their explanation is that this type of shift is
related to species attributes that are linked to their intrinsic sensitivity and resilience to
track optimal conditions. This created evolutionarily labile life-history characteristics
related to species dispersal ability, and therefore not phylogenetically conserved (Comte
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et al. 2014). In contrast, I found reasonably strong support for phylogenetic signal in the
change in maximum latitude among clades. The differences could be due to the
differences in physiological characteristics between fishes and small mammals. Also, my
study was based on changes in latitude, while Comte et al. (2014) was based upon
altitudinal changes. The uppermost altitudinal limit and the northernmost latitudinal limit
may contain different environmental challenges to species, such as differences in oxygen
levels or differences in seasonality in day length and temperature (Balasubramaniam and
Rotenberry 2016).
Being able to determine the characteristics that underlie species sensitivity to
current climate change is important for the development of effective conservation and
management initiatives (Williams et al. 2008; Angert et al. 2011; Comte et al. 2014).
Also, the ability to detect phylogenetic signal in clades of species has potential to aid in
conservation plans. If phylogenetic signal is supported within certain parameters of range
shifts, we may be able to predict species responses to future climate change. This could
be useful when creating wildlife refuge areas or conservation areas, to increase the
potential to place such refuges where species are predicted to be in the future. For
example, if the shift in minimum latitude due to climate change exhibits strong
phylogenetic signal, managers might want to place a refuge along that boundary, as target
species may move past it in future years, rendering the refuge useless if the species are
not naturally occurring in that location. Using prediction methods has potential to allow
time, effort, and resources to be more effectively directed. Using phylogenetic tests may
also be useful in the case of little known species. If an entire clade shows support for
phylogenetic signal using well-documented species’ records, we can potentially predict
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what poorly documented species may do in response to climate change. That would mean
that sampling of that species would not be a necessity to make educated guesses about
their responses. This study is based on small, diverse, and well-sampled group of species,
yet it could be used as a baseline for less-sampled, potentially endangered species. If
using phylogenetic signal to predict responses of small animals is accurate, then we could
use the same methods for animals of high conservation interest.
Changes in species distributions are complex, and determining the underlying
mechanisms driving range shifts can be difficult (Parmesan Camille et al. 2004; Bates et
al. 2014; Comte et al. 2014). Assessing vulnerability of species to climate change
requires considering diverse aspects of species responses (Williams et al. 2008; Bates et
al. 2014; Comte et al. 2014). Range shifts are a function of shared ecological
characteristics, but underlying mechanisms can be related to phylogeny in different ways
(Comte et al. 2014). Dissimilar mechanisms may underlie how species are responding to
current climate changes by shifting their ranges (Comte et al. 2014). There is importance
to integrate evolutionary data into ecological models to attempt to gather a more
complete picture of diversity (Kamilar and Cooper 2013), and potentially use those data
to aid our understanding of how species may be affected by climate change in the coming
years.
Data limitation and potential bias
A criticism of this study may be that projected changes in predicted future ranges
are sensitive to the climate models used (Chapter 1). The purpose of this study is not to
predict specific geographic locations in which species will be in the future, but to detect
overall trends within species groups, and to determine if those trends are related to the
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species phylogeny, to determine if we can predict whether closely related species are
likely to respond in similar ways.
This study addresses uncertainty in phylogenetic relationships by using a sample
of phylogenetic trees, calculating phylogenetic signal for each of them, then determining
the proportion of trees that show statistically significant phylogenetic signal. Using this
method, I found that most of the tests of phylogenetic signal showed some proportion of
trees that yielded significant test results, while others did not. This is interesting because
it highlights the influence of phylogenetic ambiguity on conclusions drawn from these
types of tests. Addressing uncertainty in phylogenetic relationships is important when
using tests of phylogenetic signal, as the relationships between species are used in the
calculations. If certain relationships are not well resolved, the resulting test of
phylogenetic signal is not necessarily telling the entire story. There are also limits of
using a single locus (e.g. cytochrome b) to resolve a phylogeny. This could be addressed
by using multiple loci if data were collected or available.
I used a conservative approach to analyze the results of tests for phylogenetic
signal, as the actual test statistics (i.e. λ, K, C, or D) are typically reported and evaluated
(comparing between indices). I mainly used statistically significant values to draw
inferences regarding trends. This produces a more conservative result in terms of
detectable phylogenetic signal. These values represent a statistical test versus a
qualitative comparison with no clear threshold (i.e. “strong” support for phylogenetic
signal). The actual test statistic values range a fair amount between tests (after taking into
consideration the differences in interpretations of the result values). This suggests that the
different tests do not necessarily find the same amount of support for phylogenetic signal,
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when testing the same clade and response parameter. The mean test statistic values of the
samples of trees could not be interpreted as the same result, biologically, and the standard
deviation was often high, highlighting the impact of phylogenetic ambiguity within each
test conducted.
Conclusions
Different clades of species showed varying degrees of support for phylogenetic
signal in the different parameters of response to climate change, which suggested that
parameters that reflect underlying ecological characteristics were at least partially
evolutionarily conserved, within varying clades and parameters. There was essentially no
evidence of phylogenetic signal for the index of area change parameter in any of the
clades evaluated. There was some evidence of phylogenetic signal in the maximum
latitude change and patch structure index parameters, suggesting that the underlying
ecological characteristics that define these parameters are constrained by the phylogeny
in some cases. The parameter that showed the strongest support for phylogenetic signal is
the change in minimum latitude. The most warming is likely to happen at the southern
boundary of each range, causing this parameter to represent the “warm line” of the range.
There is likely a strong constraint for species to stay within optimal climatic conditions.
At the southern boundary, the presence or absence of a species in a particular place is
influenced strongly by its physiological threshold, as it is living right up to the limit of
what it is able to tolerate. This suggested that there is a high level of conservatism in
thermal safety margins, as the physiological sensitivity of species to tolerate further
warming is put to the test.

132

Literature Cited

ABOUHEIF, E. 1999. A method for testing the assumption of phylogenetic independence
in comparative data. Evolutionary Ecology Research 1:895–909.
ALEXANDER, L. F., AND B. R. RIDDLE. 2005. Phylogenetics of the new world rodent
family Heteromyidae. Journal of Mammalogy 86:366–379.
ANGERT, A., L. CROZIER, L. RISSLER, S. GILMAN, J. TEWKSBURY, AND A. CHUNCO. 2011.
Do species’ traits predict recent shifts at expanding range edges? Ecology Letters
14:677–689.
ANTONOVICS, J. 1976. (1) The Nature of Limits to Natural Selection. Annals of the
Missouri Botanical Garden 63 (2):224.
BALASUBRAMANIAM, P., AND J. T. ROTENBERRY. 2016. Elevation and latitude interact to
drive life-history variation in precocial birds: a comparative analysis using
galliformes. The Journal of Animal Ecology 85:1528–1539.
BATES, A. E. ET AL. 2014. Defining and observing stages of climate-mediated range shifts
in marine systems. Global Environmental Change 26:27–38.
BENSON, D. A., I. KARSCH-MIZRACHI, D. J. LIPMAN, J. OSTELL, AND D. L. WHEELER.
2005. GenBank. Nucleic Acids Research 33:D34–D38.
BLOMBERG, S. P., AND T. GARLAND. 2002. Tempo and mode in evolution: phylogenetic
inertia, adaptation and comparative methods. Journal of Evolutionary Biology
15:899–910.
BLOMBERG, S. P., T. GARLAND, AND A. R. IVES. 2003. Testing for phylogenetic signal in
comparative data: behavioral traits are more labile. Evolution; International
Journal of Organic Evolution 57:717–745.
BOLKER, R. H. 2017. phylobase: Base package for phylogenetic structures and
comparative data. CRAN Repository.
CASETTA, E., AND A. BORGHINI. 2017. Erratum to: Exploring Darwinian worlds: From
Darwin to the extended synthesis. Acta Biotheoretica 65:95–95.
CHEN, I.-C., J. K. HILL, R. OHLEMÜLLER, D. B. ROY, AND C. D. THOMAS. 2011. Rapid
range shifts of species associated with high levels of climate warming. Science
333:1024–1026.
COMTE, L., J. MURIENNE, AND G. GRENOUILLET. 2014. Species traits and phylogenetic
conservatism of climate-induced range shifts in stream fishes. Nature
Communications 5:6053.
133

DARRIBA, D., AND D. POSADA. 2014. jModelTest 2.0 Manual v0. 1.1.
DECKMYN, O. S. CODE BY R. A. B. AND A. R. W. R. VERSION BY R. B. E. BY T. P. M. AND
A. 2018. maps: Draw Geographical Maps.
DRAY, S., AND A.-B. DUFOUR. 2007. The ade4 package: Implementing the duality
diagram for ecologists. Journal of Statistical Software 22.
FRITZ, S. A., AND A. PURVIS. 2010. Selectivity in mammalian extinction risk and threat
types: a new measure of phylogenetic signal strength in binary traits.
Conservation Biology: The Journal of the Society for Conservation Biology
24:1042–1051.
GALBREATH, K. E., AND J. A. COOK. 2004. Genetic consequences of Pleistocene
glaciations for the tundra vole (Microtus oeconomus) in Beringia. Molecular
Ecology 13:135–148.
GARCÍA-RAMOS, G., AND M. KIRKPATRICK. 1997. GENETIC MODELS OF
ADAPTATION AND GENE FLOW IN PERIPHERAL POPULATIONS.
Evolution; International Journal of Organic Evolution 51:21–28.
GENZ, A. ET AL. 2018. mvtnorm: Multivariate Normal and t Distributions. CRAN
Repository.
HARDIE, D. C., AND J. A. HUTCHINGS. 2010. Evolutionary ecology at the extremes of
species’ ranges. Environmental Reviews 18:1–20.
HARMON, L. ET AL. 2015. geiger: Analysis of Evolutionary Diversification. CRAN
Repository.
HICKLING, R., D. B. ROY, J. K. HILL, R. FOX, AND C. D. THOMAS. 2006. The distributions
of a wide range of taxonomic groups are expanding polewards. Global Change
Biology 12:450–455.
HOFFMANN, A. A., AND M. W. BLOWS. 1994. Species borders: ecological and
evolutionary perspectives. Trends in Ecology & Evolution 9:223–227.
HUELSENBECK, J. P., AND F. RONQUIST. 2001. MRBAYES: Bayesian inference of
phylogenetic trees. Bioinformatics (Oxford, England) 17:754–755.
IHAKA, R., AND R. GENTLEMAN. 1996. R: A Language for Data Analysis and Graphics.
Journal of Computational and Graphical Statistics 5:299.
JAAROLA, M. ET AL. 2004. Molecular phylogeny of the speciose vole genus Microtus
(Arvicolinae, Rodentia) inferred from mitochondrial DNA sequences. Molecular
Phylogenetics and Evolution 33:647–663.

134

JOMBART, T., AND S. DRAY. 2017. adephylo: exploratory analyses for the phylogenetic
comparative method:20. CRAN Repository.
JULIAN, G. J. S., AND R. M. TIMM. 1985. Prevention and Control of Wildlife Damage. The
Journal of Wildlife Management 49:279.
KAMILAR, J. M., AND N. COOPER. 2013. Phylogenetic signal in primate behaviour,
ecology and life history. Philosophical Transactions of the Royal Society B:
Biological Sciences 368.
KAMILAR, J. M., AND K. M. MULDOON. 2010. The Climatic Niche Diversity of Malagasy
Primates: A Phylogenetic Perspective. PLOS ONE 5:e11073.
KEMBEL, S. W. ET AL. 2010. Picante: R tools for integrating phylogenies and ecology.
Bioinformatics 26:1463–1464.
KUMAR, S., G. STECHER, AND K. TAMURA. 2016. MEGA7: Molecular Evolutionary
Genetics Analysis Version 7.0 for Bigger Datasets. Molecular Biology and
Evolution 33:1870–1874.
LOSOS, J. B. 2008. Phylogenetic niche conservatism, phylogenetic signal and the
relationship between phylogenetic relatedness and ecological similarity among
species. Ecology Letters 11:995–1003.
MOTT, C. L. 2010. Environmental Constraints to the Geographic Expansion of Plant and
Animal Species. Nature Education Knowledge 3(10):72.
MÜNKEMÜLLER, T. ET AL. 2012. How to measure and test phylogenetic signal. Methods
in Ecology and Evolution 3:743–756.
NOWAK, R. M. 1999. Walker’s mammals of the world. 6th ed. Johns Hopkins University
Press, Baltimore.
ORME, D., R. FRECKLETON, G. THOMAS, T. PETZOLDT, AND S. FRITZ. 2009. CAIC:
comparative analyses using independent contrasts. R package version 1.0. 494/r94.
PACHAURI, R. K. ET AL. 2014. Climate change 2014: synthesis report. Contribution of
Working Groups I, II and III to the fifth assessment report of the
Intergovernmental Panel on Climate Change. IPCC.
PAGEL, M. 1999. Inferring the historical patterns of biological evolution. Nature
401:877–884.
PARADIS, E., J. CLAUDE, AND K. STRIMMER. 2004. APE: Analyses of Phylogenetics and
Evolution in R language. Bioinformatics 20:289–290.

135

PARMESAN, C. 2006. Ecological and Evolutionary Responses to Recent Climate Change.
Annual Review of Ecology, Evolution, and Systematics 37:637–669.
PARMESAN CAMILLE ET AL. 2004. Empirical perspectives on species borders: from
traditional biogeography to global change. Oikos 108:58–75.
PATTERSON, B. D., AND R. W. NORRIS. 2015. Towards a uniform nomenclature for
ground squirrels: the status of the Holarctic chipmunks. Mammalia 80:241–251.
PAVOINE, S., S. OLLIER, D. PONTIER, AND D. CHESSEL. 2008. Testing for phylogenetic
signal in phenotypic traits: New matrices of phylogenetic proximities. Theoretical
Population Biology 73:79–91.
PENDLETON, G. 1984. Small Mammals in Prairie Wetlands: Habitat Use and the Effects
of Wetland Modifications. Electronic Theses and Dissertations. South Dakota
State University.
PETERSON, A. T. ET AL. 2011. Ecological Niches and Geographic Distributions. Princeton
University Press, Princeton, UNITED STATES.
R CORE TEAM. 2017. R: A Language and Environment for Statistical Computing. Vienna,
Austria, . R Foundation for Statistical Computing. <https://cran.rproject.org/doc/FAQ/R-FAQ.html#Citing-R> (6 July 2018).
RACINE, J. S. 2012. RStudio: A Platform-Independent IDE for R and Sweave:
SOFTWARE REVIEW. Journal of Applied Econometrics 27:167–172.
RAMBAUT, A., A. J. DRUMMOND, D. XIE, G. BAELE, AND M. A. SUCHARD. 2018. Posterior
summarisation in Bayesian phylogenetics using Tracer 1.7. Systematic biology.
REICH, L. M. 1981. Microtus pennsylvanicus. Mammalian Species:1–8.
REVELL, L. J. 2012. phytools: an R package for phylogenetic comparative biology (and
other things). Methods in Ecology and Evolution 3:217–223.
ROCA-PARDINAS, L. M.-M. AND J. 2012. p3state.msm: Analyzing survival data. CRAN
Repository.
ROY, K., G. HUNT, AND D. JABLONSKI. 2009. Phylogenetic Conservatism of Extinctions
in Marine Bivalves. Science 325:733–737.
THUILLER, W., S. LAVERGNE, C. ROQUET, I. BOULANGEAT, B. LAFOURCADE, AND M. B.
ARAUJO. 2011. Consequences of climate change on the tree of life in Europe.
Nature 470:531–534.
THUILLER, W., S. LAVOREL, AND M. B. ARAÚJO. 2005. Niche properties and geographical
extent as predictors of species sensitivity to climate change. Global Ecology and
Biogeography 14:347–357.
136

WALTHER, G.-R. ET AL. 2002. Ecological responses to recent climate change. Nature;
London 416:389–95.
WILLIAMS, S. E., L. P. SHOO, J. L. ISAAC, A. A. HOFFMANN, AND G. LANGHAM. 2008.
Towards an Integrated Framework for Assessing the Vulnerability of Species to
Climate Change. PLoS Biology 6:e325.
WILLIS, C. G., B. RUHFEL, R. B. PRIMACK, A. J. MILLER-RUSHING, AND C. C. DAVIS.
2008. Phylogenetic patterns of species loss in Thoreau’s woods are driven by
climate change. Proceedings of the National Academy of Sciences 105:17029–
17033.
WILSON, D. E., S. RUFF, AMERICAN SOCIETY OF MAMMALOGISTS, AND SMITHSONIAN
INSTITUTION (EDS.). 1999. The Smithsonian book of North American mammals.
UBC Press, Vancouver.

137

Appendix B
Supplementary Table 2.1: Means/standard deviations of test statistic values for each
clade/species response parameter/test of phylogenetic signal. The means/standard
deviations were calculated from the sample of 1800 phylogenetic trees. This Table is a
summary of Figures 5-8 above.
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